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Happy Spring! The end 
of 2018 and beginning of 
2019 seemed to fly by. 
It’s so nice to see trees 
blooming and flowers 
poking up dotting the 
landscapes with 
beautiful colors. 
Over the holidays, we 
were able to make one 
family’s Christmas 
brighter. We raised over 
$300 and tons of food, 
toys, and clothes were 
donated from our 
members. Thank you to 
all that donated. It truly 
was a blessing for that 
family. 
Our conference for this 
year is set for July 8-10, 
2019 and will be held at 
the TBI Headquarters in 
Nashville, TN. Mark 
your calendars and be on 
the lookout for more 
information on the 
website.  

Be on the lookout for 
FREE training sessions 
hosted by the TNIAI in 
the upcoming months. 
These will include 
dealing with attorneys, 
diagramming crime 
scenes, photography of 
shoe impressions, and 
proper/improved 
superglue techniques. 
If you have any 
suggestions of other 
training courses that 
you and your team 
might want, please let 
me know. 
A few changes took 
place at the beginning 
of the year. Congrats to 
Monica Kent on 
moving from 2nd to 1st 
VP along with Board 
Member Megan 
Whitesell becoming 2nd 
VP. To fill the vacant 
spot on the board, Chip 
Linville accepted my 

 

TNIAI Newsletter 

A Message from the TN-IAI President 

Heather Hammond 
2017-2018 TNIAI President 

invitation and is now a 
Board Member. 
As always, here’s to a 
great year, and I hope to 
see you all throughout the 
year at our training 
sessions! 
My email is always open 
for anyone that has any 
questions, comments or 
concerns. Please feel free 
to email me at 
heather.hammond@tn.gov
. 

Heather Hammond 

mailto:heather.hammond@tn.gov�
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 TN-IAI News 

The 2019 TNIAI Conference will be at the 
TBI headquarters in Nashville, TN. The dates 
of the conference will be July 8-10, 2019. We 
have some great topics set up for the 
conference and are looking forward to seeing 
you all there. In the coming days, there will be information emailed out along 
with on the website and Facebook regarding registration and hotels.  

Speaker information on Page 7! 

2019 Conference Information 

23 college students set out on 
a 2 day adventure processing 
a crime scene, collecting 
evidence, combing over 
reports, and putting together a 
presentation. The students were divided into 4 teams and a group of 
Forensic Scientists from the TBI along with TNIAI Board Members 
helped guide them through the process. Special thank you to all those 
who made this day possible! 

Check out photos on Page 11! 

2019 Student Day 
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 2019 Conference  
Speaker Preview 

Jason Wilkerson – TBI – Human 
Trafficking 
 
Matt Marvin – Ron Smith & 
Associates – Beniah Dandridge 
latent fingerprint follow up 
 
Elizabeth Bowman – Assistant 
Professor - Vanderbilt University – 
Sexual Assault Nurse Examiner’s 
(SANE’s) 
 
Mark Wojnarek – Montgomery County Sheriff’s Office – 
Death Investigation: A “How To” Guide at Avoiding the 
Preconceived Notion 
 
William Sago – Memphis Medical Examiner – no topic title yet 
 
Lawrence Simon – Certified Sexologist – Sexual Deviant 
Killers 
 

Only to name a few! 
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 Training  
Opportunities 

We have many exciting 
training opportunities planned 
for the days and months ahead!  

FREE-Diagramming a crime 
scene (Aug 20) at Cane Ridge 
Community Center in Antioch 
 
FREE-Dealing with Difficult 
and Easy Attorneys – 
Murfreesboro Police 
Department training center – 
no date set 
 
FREE-Photography of Shoe Impressions – Montgomery 
County – no date set 
 

Stay up to date by visiting our website: 

 https://www.tniai.org/training  

https://www.tniai.org/training�
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Don’t miss out on next year’s Student Day! Visit www.tniai.org to stay informed! 

Volume 9, Issue 4 

 

2019 Student Day 
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General TN-IAI  

Business Information 

Below are listed the proposed changes to TNIAI Bylaws. These will be voted on 
at the business meeting in July. Please email all comments to  
heather.hammond@tn.gov for consideration. 

Article III 

Memberships 
  
  
Section 1 
  
Membership of this association shall consist of active, associate, life, sustaining, student and 
honorary members. 
  
Section 2 
  
Active Membership: The active membership of the association shall consist of persons who are 
engaged in the science of identification and who are bona fide employees of, and are receiving 
salaries from national, state, county, or municipal governments, or some sub-division thereof. 
Active Members may hold office, shall be entitled to one (1) vote with respect to each matter 
presented to the membership of the TNIAI, obtain access to the TNIAI Membership Directory, as 
well as each of the issues of the TNIAI newsletter.  
Associate Membership: All reputable persons, wholly or partially engaged in any of the various 
phases of the science of identification, and who are not qualified for active or student 
membership, are eligible to be become associate members. They shall in all respects be subject 
to the same rules, fees, and charges to the same rights and privileges as active members, 
except that they shall not be eligible to hold the office of President or Vice- President. Associate 
Members shall be entitled to one (1) vote with respect to each matter presented to the 
membership of the TNIAI, obtain access to the TNIAI Membership Directory, as well as each of 
the issues of the TNIAI newsletter. 
  
Student Membership: Any student of an accredited college or university who is currently enrolled 
as a full or part-time student and who is 
  
taking courses in order to pursue a career in the various phases of the science of identification or 
law enforcement is eligible to be a student member. 
Student members are  permitted to attend meetings, but are not entitled to vote on association 

Proposed By-law changes  

mailto:heather.hammond@tn.gov�
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 General TN-IAI  
Business Information 

business or hold any office. 
  
Life and Sustaining Memberships: Life and Sustaining Memberships shall be forever exempt 
from the payment of dues and assessments and shall be eligible to vote and be entitled to all 
regular privileges of an Active or Associate Member. These memberships will be granted as 
follows: 
 
(a.) Life Members: 
 

Past Presidents 
Active and Associate Members who have paid their membership dues and assessments for 

the past consecutive twenty-five (25) years. 
 
(b.) Sustaining Members: 
 

Active or Associate Members of the Division who pay a one-time nonrefundable sum of 
money equal to ten (10) times the yearly amount. 

 
Honorary Membership: Honorary Membership of the Tennessee Division shall consist of persons 
who have performed some particular service for the Division, assisted the Forensic Science 
Community, or who have, in some way, performed a meritorious act for law enforcement. 
Honorary membership can be bestowed by the Board of Directors upon recommendation by any 
member in good standing. Honorary Membership will be awarded for one year or for the 
member’s lifetime as determined by the Board of Directors at the time of the award. 
 
(a.) Honorary Life Membership: 
 

Shall be excused from lifetime payment of dues and fees. Voting rights and office holding 
eligibility shall be determined by the recipient’s membership status at the time of the 
award. 

 
(b.) Honorary Annual Membership: 
 

Shall be excused from payment of dues and fees for the period of one year. Voting rights and 
office holding eligibility shall be determined by the recipient’s membership status at the 
time of the award. 

 
To view the current by-laws of the TNIAI visit https://

www.tniai.org/bylaws  

https://www.tniai.org/bylaws�
https://www.tniai.org/bylaws�
https://www.tniai.org/bylaws�
https://www.tniai.org/bylaws�
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TN IAI Board Meeting Minutes 
Minutes: Two (2) Pages 
Meeting: 12/4/2018 at TBI Headquarters at 10:00 a.m. 
Present: Heather Hammond, Phil Sanfilippo, Kendra Fleenor, Monica Kent, Megan Whitesell, Katie 
Dillion, John Dunn, Amber Smith, David Hoover, Elizabeth Reid 
Welcome 

Welcome from Heather Hammond 
Treasurer’s Report 

Elizabeth Reid gave the treasurer’s report 
Checking: $9,419.89 
CD: $22,907.04 

Membership 
Elizabeth Reid reported that last year we had a total of 98 members. This year we currently 

have 6. 
Old Business 

2018 TN IAI Conference 
 Heather Hammond thanked all board members for their hard work on making the 

conference a success. 
 Elizabeth Reid passed out a handout that broke down the conference expenses. 
 Board members discussed ways to increase involvement and membership. Monica 

Kent will reach out to other surrounding law enforcement agencies and will mail 
rack cards. 

 Heather Hammond asks that all members go to www.4imprint.com to look for items 
that we can use for giveaways and to sell at the 2019 conference. 

Facebook Page 
 Heather Hammond wants to add a link to the Facebook page and to the TN IAI 

website that will direct Facebook users to job listings. 
New Business 

Scholarship 
 John Dunn announced there were 4 new scholarship applications. Attending board 

members reviewed all applications. 
 Attending board members voted on scholarship applications and awarded 2 

scholarships. 
 
Training 

 The TN IAI is hosting an upcoming training through Tri-Tech. The course 
information is below. 

Training Course: Investigative Analysis & Crime Scene Reconstruction 

TN IAI Board Meeting Minutes 12-4-2018 
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When: April 8-12, 2019 
Where: Tennessee Bureau of Investigation  

  Training Unit 
  901 R. S. Gass Boulevard 

  Nashville, TN  37216 
Tuition: $565.00 

2019 Student Day 
 TBI will be hosting a 2 day student event in March. The two days will consists of 

hands on processing and an ask and get session. Each group will create presentations 
and will present them in front of their peers. 

 A description of what each unit does will be sent to students a week from student 
day. 

 Heather Hammond will look into possible dates in March to host student day. 
2019 TN IAI Conference 

 TN IAI Conference will be held at TBI Headquarters on July 8-10, 2019. 
 Heather Hammond asked board members to start reaching out to potential speakers 

for the conference. 
TN IAI Website 

 Heather Hammond will start to update the member area on the TN IAI website by 
adding a directory for members. The directory will include names, phone numbers, 
agency information, and email addresses. 

Conclusion 
Next meeting is scheduled for Tuesday, January 15, 2019 at 10:00 a.m. 
Motion to adjourn by John Dunn, Katie Dillion seconded the motion. Meeting adjourned at 

11:35 a.m. 
Respectfully Submitted, 
Amber Smith 
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Erin Arnold  -  Middle Tennessee State University  -  Student Member 
Angi Bain  -  Nashville State Tech  -  Student Member 

Isabella Barnett  -  Middle Tennessee State University  -  Student Member 
Alysa Bougard  -  Austin Peay State University  -  Student Member 

Elizabeth Bowman 
Joseph Bowman  -  Nashville Fire Department 

Mark Dunlap  -  Tennessee Bureau of Investigation 
Easton Haynes  -  Metro Police Department 

Athena Jernigan  -  Nashville State Tech  -  Student Member 
Kyle Kester  -  Austin Peay State University  -  Student Member 

Keith Kile  -  Kingston Police Department 
Brooke Lewis  -  Austin Peay State University  -  Student Member 

Kevin Neville  -  Nashville Fire Department 
Morgan Overstreet  -  Tennessee Tech University  -  Student Member 

Jose Rosales  -  Trevecca Nazarene University  -  Student Member 
Mark Sells  -  Nashville Fire Department 

Victlaine Silverio  -  Nashville State Tech  -  Student Member 
Lauryn Smith  -  Austin Peay State University  -  Student Member 

Susan Taylor  -  Nashville State Tech  -  Student Member 
Phillip Verso  -  Dolly Parton Stampede  -  Associate Member 

WELCOME NEW MEMBERS!  
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TN IAI Board Meeting Minutes 
Minutes: (2) Pages 
Meeting: Thursday, 02/14/2019 at TBI Headquarters at 10:00 a.m. 
Present: Heather Hammond, Phil Sanfilippo, Kendra Fleenor, Megan Whitesell, John Dunn, David 
Hoover, Elizabeth Reid, Kristine Keeves, Chip Linville 
Welcome (10:03 a.m.) 

Welcome from Heather Hammond 
New Board of Directors member: Chip Linville – Metro Nashville Police Department, CSI  

Treasurer’s Report 
Elizabeth Reid gave the treasurer’s report: 

Checking: $7,233.94 
CD: $22,907.04 

Membership 
Elizabeth Reid reported that we have (70) paid members so far for 2019. 
Annual membership dues due by 03/31/2019. 
2019 membership cards sent to all eligible renewals 02/01/2019 by Megan Whitesell. 

Heather Hammond/Elizabeth Reid will send Megan Whitesell updated membership 
list after meeting. 

Old Business 
Website 

Heather Hammond added “Job Openings” tab to TNIAI website. 
New Business 

Scholarship 
Nothing to report. 

Training 
FREE training events hosted by TNIAI (open to public): 

Diagramming a Crime Scene – 08/20/2019 at Cane Ridge Community Center in 
Antioch from 4:00 p.m to 8:00 p.m. 

Other events/topics in the process of being finalized. 
2019 Student Day 

(25) students are registered for the event. 
(14) are TNIAI Student Members 

Lunch options for both days discussed. 
Heather Hammond passed out (2) handouts for review: 

General information about lab sections 
Student Day event scenario 

Potential for Student Day event again Fall 2019. 
2019 TN IAI Conference 

TN IAI Board Meeting Minutes 2-14-2019 
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Potential speakers and presentation topics discussed. 
Membership by-law changes approved by Board of Directors. Changes will be 

brought before the membership for approval at the 2019 Educational Conference. 
Samples of registration bag stuffers passed around for review. 

Preparation for 2021 Nashville parent-body conference 
TNIAI vendor table reserved for 2019 Reno parent-body conference 
Will have TNIAI vendor table at 2020 Orlando parent-body conference 

Conclusion 
Next meeting date/time is TBD. 
Motion to adjourn by David Hoover. John Dunn seconded the motion. Meeting adjourned at 

10:56 a.m. 
 
 
Respectfully Submitted, 
Megan Whitesell 
TNIAI 2nd Vice President 

The TNIAI is currently searching 
for a Newsletter Editor. If this is 
something that you would be 
interested in, please contact 
matthew.buck@tn.gov or 
heather.hammond@tn.gov. We will gladly work with 
you for a smooth transition.  

Editor Opening for TNIAI Newsletter 
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This weeks 
research paper 
comes from 
Isabella Barnett. 
Thanks Isabella, 
and if anyone has a 
research project that they have worked on, an article 
they have written, or anything else that other 
members of the TNIAI might find interesting feel 
free to send it to me at heather.hammond@tn.gov and 
we will add them to the newsletters.  

-Heather  

Research and Innovation 
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Discrimination of Brands of Gasoline by Using DART-MS and Chemometrics 

Isabella Barnett a, Mengliang Zhang a,b,* 
a Forensic Science Program, College of Basic and Applied Sciences, Middle Tennessee State University, 
Murfreesboro, Tennessee, 37132, USA  
b Department of Chemistry, Middle Tennessee State University, Murfreesboro, Tennessee, 37132, USA 
 
Abstract 

In this study, Direct Analysis in Real Time Mass Spectrometry (DART-MS) was used to analyze four 

different brands of gasoline collected from five local fuel service stations. Chemometric methods including 

analysis of variance-principal component analysis (ANOVA-PCA) and partial least squares discriminant 

analysis (PLS-DA) were applied to classify the gasoline samples based on brand and identify characteristic 

features for gasoline discrimination. To test the robustness of this method, the gasoline samples were 

collected once per week for eight weeks and they were analyzed by DART-MS within 24 hours of collection 

and again two weeks after the last sample collection. Both full DART-MS spectra data and selected ion 

spectra data were used to construct PLS-DA models and the average classification rates of both models were 

99.9 ± 0.1% for 100 independent evaluations with bootstrapped Latin partitions and were 100% for a new 

validation set collected two weeks later with no parametric changes. The major characteristic features 

corresponded to polymeric compounds in fuel additives which supported our hypothesis that proprietary 

additives blended in gasoline should be the marker components to distinguish gasoline with different brands. 

The weathered gasoline samples at different extents, i.e. 30%, 50%, 70%, and 90%, were studied and 

compared with un-weathered samples. The polymeric compound patterns in gasoline were found to be brand 

dependent and weathering extent dependent and the patterns for the weathered gasoline with different brands 

were still significantly different. DART-MS is demonstrated as a promising tool for the discrimination of 

brands of gasoline.   

Introduction 

The detection of accelerants such as ignitable liquids (IL) is critical for arson investigations and 

gasoline is considered one of the most commonly identified ignitable liquid accelerants [1]. The American 

Society for Testing and Materials (ASTM) gas chromatography-mass spectrometry (GC-MS) method, also 
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known as E1618, is commonly used for the analysis of IL residues in fire debris [2]. An IL or IL residue is 

determined to belong to one of the eight ASTM classes mainly via visual pattern recognition of the total ion 

chromatogram (TIC), extracted ion chromatograms, and the presence of target compounds [3]. Many studies 

have reported the identification or classification of the IL or IL residues based on TIC [4], total ion spectrum 

[3, 5, 6], selected mass spectral ions [7], or two way GC-MS data [8] with various chemometric methods. 

In addition to these studies, several reports have focused on the discrimination of sources for 

petroleum products, such as gasoline and diesel, based on refineries, fuel characteristic properties, or type 

(normal, regular, or premium) [9-13]. Only a few researchers have made the effort to classify the brands of 

gasoline and diesel and none of them have tested the recollected samples from the same service stations over 

a period of time to evaluate the robustness of the methods [14-16]. Sigman et al. differentiated a set of fresh 

gasoline samples from 10 retail stations in a single metropolitan area by GC-MS method with a covariance 

mapping strategy. Using pairwise comparisons, each gasoline sample was statistically distinguishable from 

all other gasoline samples based on the untargeted GC-MS profiles [16]. Smith and McGuffin et al. applied 

Pearson product moment correlation and principal component analysis (PCA) to 25 diesel samples collected 

at service stations, representing 13 different brands, by using both TICs and extracted ion chromatograms 

from GC-MS data. Aromatic components were found to provide the greatest discrimination among diesel 

samples [14]. PCA was also applied to selected ion monitoring (SIM) data from GC-MS to discriminate 

gasolines from New Zealand and Australia. It was found that most samples could be differentiated based on 

their country of origin and the C0- to C2-naphthalene profile was dependent on the refinery where the 

gasoline was produced [17]. Another study semi-quantified 34 targeted compounds in unevaporated gasoline 

samples by using GC-MS and PCA was successful in linking the sample to its brand or refinery [18]. A case 

study analyzed over 100 crude oils and refined petroleum products, including gasoline, kerosene, and diesel, 

and found that chemical profiles were similar in oils from the same area, but varied from different areas [19, 

20]. This would not be a surprise because different local stations may sell gasoline and diesel from the same 

storage terminals considering the manufacturing and distribution process of fuels from crude oil to products 
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in local gas stations: the gasoline and other petroleum products are produced from crude oil by refineries and 

most gasoline/diesel is sent from refineries to large storage terminals near consuming areas through shared 

pipelines where commingling occurs and then delivered by trucks to fueling stations. However the 

proprietary additives blended into the gasoline/diesel before it enters the fueling stations are different from 

one company to another [21].  

In the United States, the Environmental Protection Agency (EPA) requires that ‘the reformulated 

gasoline shall contain additives to prevent the accumulation of deposits in engines or vehicle fuel supply 

systems’ under Section 211 of the Clean Air Act [22]. Detergents such as polyisobutylene (PIB) succinimides 

and polyether amines are commonly added into both gasoline and diesel fuels to control the deposits [23, 24]. 

The profiles of these chemicals could be important markers for gasoline/diesel with different brands. 

Nevertheless, these detergents cannot be analyzed by the traditional GC-MS methods due to their low 

concentrations (<0.5%, w/w) [25], high boiling points (>250 °C) [26], high molecular weights, and 

complexity of polymeric structures [27].  

The major chemicals in gasoline are commonly identified as alkanes, aromatics, cycloalkanes, and 

alkenes by GC-MS method [28], so similar GC-MS data profiles would be expected if they were distributed 

from the same storage station despite the brands. In addition, the crude oils used in most refineries are a mix 

of crude oils from various domestic and foreign sources and may vary on a day-to-day basis [21]. Therefore, 

GC-MS based methods are not reliable or even applicable for the discrimination of gasoline and diesel with 

different brands. 

Ambient mass spectrometry method, such as direct analysis in real time mass spectrometry (DART-

MS) can be alternative methods for petroleum product analysis [29]. DART-MS method requires limited 

sample preparation and is applicable to the analysis of both volatile and nonvolatile compounds with 

excellent analytical sensitivity especially for nonvolatile and polar fractions [30]. The nonvolatile 

components have been shown to function as natural markers for petroleum products, such as type, origin, and 

biodegradation [31]. They are less variable compared to their volatile chemical profiles and are therefore 
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more desirable for yielding reliable and solid evidence in arson investigation. In addition, DART ion source 

primarily produces protonated molecules ([M+H]+) [32], which simplifies the data interpretation and can 

provide detailed and characteristic fingerprints for different petroleum-based fuels. Therefore DART-MS 

would be an ideal technique to analyze fuel additives (e.g., detergents) in gasoline fuels, thereby 

discriminating among the samples based on their brands. The  brand of fuel samples will provide forensic 

investigators valuable information to identify the source of gasoline and to establish an important evidentiary 

link between a suspect and a crime scene. To the best of  our knowledge, no literature has addressed the 

classification of gasoline based on the chemical composition of fuel additives in the United States. Brito et al. 

classified four detergent additives and Brazilian gasoline samples mixed with detergent additives by near 

infrared method [25].  The discriminant power of near infrared method is generally not comparable with MS 

based techniques, therefore a complicated ring oven method was required to pre-concentrate fuel additives 

before the analysis. In addition, the substances in fuel additives in the US are subject to industrial secrecy, 

and it is impracticable to make connections between fuel additives and fuels by comparing their chemical 

profiles because usually these fuel additives used at branded fuel service stations are not for sale. In addition, 

polymeric compounds such as PIB and polyether compounds in fuels have never been analyzed by MS based 

techniques in the past because of the technical challenges reviewed in the previous section. 

In this study, regular unleaded octane 87 gasoline (Gas 87) samples were collected from 5 local fuel 

service stations with 4 different brands once a week for 8 weeks and were analyzed by DART-MS method. 

The DART-MS data were processed by using chemometric methods such as analysis of variance-principal 

component analysis (ANOVA-PCA) and partial least squares discriminant analysis (PLS-DA) and the 

gasoline samples were successfully classified based on the brands. Weathered gasoline samples at various 

levels (30%, 50%, 70%, and 90% weathered) were also tested. Detergents such as PIB and polyether 

compounds were found to be potential markers for the discrimination of brands of gasoline.  

Material and methods 

Gasoline sample collection 
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Gas 87 samples were collected from five local fuel stations within a radius of 1.5 mile including 

Exxon, BP, Speedway, and two Shell stations (Figure S1). To avoid the contamination of other grades (e.g., 

plus or premium grade) of gasoline in fuel pipe and nozzles, at least 1 gallon Gas 87 was pumped into a spare 

container before about 30-50 mL Gas 87 was dispensed into a 60-mL amber glass jar (Cole-Parmer 

Instrument Company, LLC.,  Vernon Hills, IL). The samples were acquired on Wednesday or Thursday, once 

a week for eight weeks, from February 5th, 2018 to March 30th, 2018.  In the first week, gasoline sample was 

collected from only one of the two Shell stations, therefore there are 39 gasoline samples (5 stations × 8 

weeks – 1) in total.    

DART-MS  

A DART ion source (IonSense, Inc., Saugus, MA) was coupled to a Thermo LTQ XL mass 

spectrometer (Thermo Scientific, San Jose, CA). For all of the DART-MS experiments, the ionization gas 

was helium, the DART gas heater was optimized to 350 ºC, and the mass spectra were collected in an m/z 

range of 100-1000 in positive-ion mode.  The pre-loaded “QuickStrip” method was used: Heater Wait Time 

30s; Sample Speed 0.5 mm/s; Contact Closure Delay 5s; Standby Temperature 345 ºC. A volume of 5 µL 

gasoline sample was spotted onto QuickStripTM sample card in triplicates within 24 hours of sample 

collection with a randomized block design.  At least one blank spot on each QuickStripTM sample card will be 

analyzed for mass spectrum background subtraction.  An automated sample introduction apparatus consisting 

of a Linear Rail Enclosure that holds QuickStripTM sample cards was used for all the DART-MS analysis. 

QuickStripTM Sample Cards were purchased from IonSense, Inc. (Saugus, MA). 

Weathered gasoline sample preparation 

To prepare weathered gasoline samples, about 1-g aliquots of a gasoline sample were pipetted into 11

-mL glass threaded vials (Fisherbrand™ Class B Clear Glass Threaded Vials; O.D. x L: 19 x 65mm, Fisher 

Scientific, Hampton, NH). The mass of the added gasoline was measured by difference using a 4-decimal 

digital balance. The vials was placed into fume hood at room temperature and the extent of evaporation was 

monitored by mass to acquire weathered samples at desired extent, e.g. 30, 50, 70, and 90%. 
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Data format 

Average mass spectrum of 60 scans (0.17 min) for each sample was exported to Excel with Xcalibur 

2.1 software (Thermo Scientific, Waltham, MA) after the background spectrum was subtracted. The data sets 

were binned by mass-to-charge ratios from 100 to 1000 Th with 0.5 Th increment and then normalized to unit 

vector length [33, 34]. A total of 117 two dimensional data (i.e., 39 samples × 3 replicates) were collected. 

The data was processed by using MATLAB R2017a (MathWorks Inc., Natick, MA).  

Theory 

Analysis of variance-principal component analysis (ANOVA-PCA) 

ANOVA-PCA was first reported by Harrington et al. for detection of biomarkers in proteomic study 

[35]. It is a powerful tool to analyze the impact of different factors in the experiment and identify the 

characteristic features corresponding to the factor of interest (e.g., biomarker for disease groups). In ANOVA

-PCA method, it first partitions a data matrix into subsets of data matrices corresponding to different factors 

in an experimental design. The residual matrix (unexplained variance) is calculated by successively peeling 

the means of the variables at each level of each factor and the factor matrices is reconstructed by adding 

residual error matrix back to the factor average matrices.  The sum of squares of residual matrix for each 

factor can be compared with the sum of squares of grand mean residual matrix to indicate the variance 

contributed from each factor. This process is also call pooled-ANOVA [36]. PCA can be then applied to 

different factor matrices as a visualization tool and potential characteristic features for different factors may 

be discovered from PCA loading plots. In theory, ANOVA-PCA can reduce the interference of variance from 

known unwanted factors so that the impact of factor of interest can be more easily observed.  

Partial least squares discriminant analysis (PLS-DA) 

PLS-DA is a supervised classification method commonly used for pattern recognition. The latent 

variables which are transformed from the independent X-data (e.g., spectrum) are used for regression with a 
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dependent binary variable Y (e.g., class). The latent variable which has maximum covariance between the X- 

and the Y-scores is selected and then the variance of this latent variable is removed by deflation. From the 

residual matrix, the next latent variable is derived and the variance is removed in the same way. This 

procedure is continued and the number of latent variables that yielded the best prediction rates is determined 

using an internal bootstrapped Latin partition [34].     

Bootstrap Latin partition 

Bootstrapping is a resampling method which provides an unbiased and generalized measure of 

classification accuracy for classifiers [37]. It is especially useful for the estimation of prediction performance 

with limited numbers of samples. The Latin partition method randomly divides the data sets into training and 

prediction sets and both sets contain equal distributions of classes. Each sample is used once and only once 

for prediction and the prediction results are pooled for all the objects. In this study, four Latin partitions were 

bootstrapped 100 times to evaluate PLS-DA models, so each time 75% and 25% of the data were used for 

training and prediction, respectively, and each object was used once for prediction and three times for model 

construction. 

Results and discussion 

DART-MS method optimization 

DART ion source with QuickStrip module package is a simple setup for ambient mass spectrometric 

analysis, with most of the parameters preset for optimum ionization. Both nitrogen and helium were tested 

for the analysis of gasoline samples. The DART-MS spectrum produced with nitrogen at 350 ºC showed 

more background noise and lower sensitivity for ions in high mass range and helium gas at 350 ºC provided a 

much better mass spectrum in terms of limits of detection and amount of signals (Figure S2). Therefore 

helium was used as carrier gas in this study. To evaluate the temperature effect of helium gas, 5 µL of 

gasoline sample was spotted onto a QuickStripTM sample card in duplicates and analyzed under 4 different 

temperatures (150 ºC, 250 ºC, 350 ºC, and 450 ºC). The temperature of 350 ºC was selected because the best 

sensitivity was achieved under this condition (Figure S3). The mass spectrometer (Thermo LTQ XL, 2007 
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model) used in this study has a relatively low sensitivity, so the gasoline sample was analyzed without 

dilution. If the mass spectrometer with better sensitivity was used, dilution could be needed. Both pentane 

and carbon disulfide were tested and it was found that pentane provided a cleaner background for MS 

spectrum (Data not shown). In our study, 5 µL gasoline samples were directly spiked onto sample card and 

dried until no visible liquid on sample card was observed before the DART-MS analysis. This process took 

about 1 min at room temperature. There are 12 spots for sample spikes on each of the QuickStripTM sample 

cards and two of the spots were used for background spectra collection. The total instrumental analysis time 

for each QuickStripTM sample card is about 5.5 min, so the instrumental analysis time is about 0.55 min/

sample. The total sample analysis time including sample preparation and instrumental analysis is less than 2 

min/sample, which is highly efficient compared to conventional GC-MS analysis.   

DART-MS spectra for gasolines with different brands 

The gasoline samples in our study were analyzed in 8 different weeks, and the DART-MS spectra of 

blank QuickStripTM spot were collected for each sample card as background spectra and subtracted from 

DART-MS spectra of gasoline on the same sample card. In a background spectrum, it was found that most of 

peaks were in lower mass range from m/z 100 to 300 and they varied over time. DART-MS spectra for BP, 

Exxon, Speedway, and Shell gasoline are shown in Figure 1. The intensities for peaks in the low-mass range 

(e.g., m/z 100-190) are trivial because the background subtraction process has removed most of signals in this 

mass range. From Figure 1, gasoline samples with different brands have shown different patterns in MS 

spectra, especially in high mass range (e.g., m/z 300-1000), which usually cannot be observed in GC-MS. 

There are two types of mass clusters in the DART-MS spectra with repeating units of 56 Da and 58 Da which 

could correspond to the isobutylene (-CH2-C(CH3)2-, 56.0626 Da) and ether group (-CH(CH3)-CH2-O-, 

58.0419 Da), respectively. Polyisobutylene succinimide (PIBSI) has been reported as the most common 

ashless dispersants used in the oil industry today [27].  Polyether amines and polyether amines derivatives are 

typical deposit-control additives in gasoline and diesel fuels [23]. Among the peaks in Figure 1, two bunches 

of peak clusters were tentatively predicted as PIBSI and polyether amines (Figure S4). A high-resolution 
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mass spectrometer is needed for the confirmative identification of these compounds and these experiments 

will be conducted in future studies. Other peak clusters with 56 or 58 Da repeating units were also considered 

as PIB and polyether compounds or derivatives and the full list of these polymeric peaks is summarized in 

Table S1. Because of high boiling points and polymeric properties, neither GC-MS or LC-MS are suitable for 

Figure 1. DART-MS spectra after background subtraction for BP (A), Exxon (B), Speedway (C), and Shell (D) gasoline sam-
ples collected in 4th week. 
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the analysis of PIB and polyether compounds. This is the first study to report mass spectra for PIB and 

polyether compounds.       

ANOVA-PCA by using full MS spectra  

The full DART-MS spectra were normalized to unit vector and then mean-centered prior to PCA. The 

scores from the first two principal components are plotted in Figure 2A. The BP gasoline samples are 

separated from other samples and the other brands of gasoline samples are not fully separated from each 

other. The first two principal components explained a cumulative proportion of the variance in the data of 

42%, corresponding to 26% and 16% respectively for PC1 and PC2. This result also indicates the significant 

variability (58%) in the data cannot be explained by the first two principal components and multi-factors 

Figure 2. Conventional PCA score plot (A) and ANOVA-PCA score plots for brand factor (B), week factor (C), and replicate 
factor (D) with original full DART-MS spectra data.  
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have caused considerable variability in the data. In this data set, there are at least three factors including 

gasoline brand, sample collection week, and analytical replicate with 4, 8, and 3 levels, respectively. The 

conventional PCA cannot evaluate the contribution of variation from each factor to the total variation, 

therefore, ANOVA-PCA was applied to study the impact of each factor.  

Table 1 reports the pooled ANOVA results for the analysis of full DART-MS spectrum data matrix. 

Gasoline brand factor contributed about 45% variance to the data matrix. About 18% total variance was from 

the week to week variation which could be caused by the instrumental response variation and/or sample 

variation. The variance of analytical replicate factor only accounted for 1% of total variance and there was 

about 36% unexplained variance from other factors. With p-value of 0.30, there is no significant difference 

among 3 analytical replicates.  At the 99% confidence level, there are significant differences for brand type 

and week variables. However, ANOVA results only indicate that there is at least one difference among the 

averages of each level, but cannot tell which average is different and if other averages are different or not. 

ANOVA-PCA can help provide information for specific levels. Figure 2B, C, and D are the principal 

component score plots obtained from the matrices corresponding to the three respective factors. The same 

experimental factors evaluated by pooled-ANOVA in Table 1 are described by ANOVA-PCA in the PCA 

scores. From Figure 2B, the score plot indicates that the gasoline brand form nicely defined clusters in the 

data space. The four gasoline brands were significantly different and there was no difference between Shell 

gasoline samples from two service fuel stations. Figure 2C shows the effect of week to week variation. In this 

plot, the samples from different weeks were not completely separated from each other, but they clearly have 

Table 1. Analysis of Variance for full DART-MS spectra data. 

Source of Variation df SS 
Average 

SS 
F value p-value F-Crit 

Contribution in 
Total Variance 

Brand 4 20.5 5.1 32.4 <<10-3 2.5 45% 

Week 7 8.0 1.1 7.2 <<10-3 2.1 18% 

Replicate 2 0.4 0.2 1.2 0.30 3.1 1% 

Residuals 103 16.3 0.2    36% 
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different means that are characterized by shifts with respect to the first principal component. For example, 

samples from week 1 are well separated from samples from week 2, week 3, and week 8. The samples 

representing the three analytical replicates are spatially distributed in Figure 2D, which indicates there is no 

difference among them.  

Figure 3 shows the variable loadings corresponding to Figure 2B and 2C. In the score plot (Figure 

2B), the first principal component separated the gasoline samples into positive clusters (BP and Speedway) 

and negative clusters (Exxon and Shell). The first principal component loading plot (Figure 3A) describes the 

characteristic ions for BP and Exxon, for example, m/z 338.5, 394.5, 450.5, 506.5, and 563 are positive in 

Figure 3. ANOVA-PCA loading plots for brand variable PC1 (A), brand variable PC2 (B), week variable PC1 (C), and week 
variable PC2 (D).  
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Figure 3A and unique ions in BP gasoline DART-MS spectra; m/z 547 is negative in loading plot and unique 

ion in Exxon gasoline DART-MS spectra. Similarly, in the second principal component loading plot (Figure 

3B), m/z  473.5, 529.5, 585.5, 641.5, 697.5 and 753.5 are negative and unique for Shell gasoline which 

corresponds to the negative clusters of Shell gasoline samples in the second principal component dimension 

of score plot  (Figure 2B).  Figure 3A and 3B indicate that the peaks in the higher mass range, especially m/z 

> 300 contributed more to the separation between gasoline brand scores. Figure 3C and 3D indicate a 

significant amount of low mass peaks contributed to the variance among different weeks. Therefore, the 

peaks in low mass range tend to be more easily affected by sample collection date and peaks in the high mass 

range have the potential to discriminate among the different brands of gasoline. Most of the significant peaks 

in the loading plots (Figure 3A and 3B) corresponded to the PIB and polyether compound mass clusters in 

Table S1, which indicates that PIB and polyether compounds could be used as marker compounds for the 

classification of gasoline samples with different brands. 

ANOVA-PCA by using selective ion spectra  

As suggested from Figure 1 and Figure 3, polymeric compounds such as PIB and polyether 

compounds can be important features for the discrimination of brands of gasoline. Therefore selected ion 

spectra data matrix was constructed by extracting intensities of 121 ions corresponding to the polymeric 

peaks listed in Table S1 from full DART-MS spectra. Both conventional PCA and ANOVA-PCA were 

applied to the data processing. Table 2 shows the pooled ANOVA results for the analysis of selected ion 

spectra data matrix. The brand factor contributed the majority of variance (i.e., 64%) to the data matrix and 

the impact of week and replicate factors were reduced from 18% to 10% and from 1% to 0.3%, respectively. 

The result indicates that the selected ion spectra data set might provide more selective and specific responses 

to the brand-based classification of gasoline samples. Figure 4 demonstrates similar class patterns between 

conventional PCA score plot and ANOVA-PCA score plot by using selected ion spectra data, which suggests 

that variance matrices for week and replicate factors from the pooled-ANOVA process did not contribute 

significant variance to the whole data set. In Figure 4A, the first two principal components describe 62% 
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variance in the data which is significantly larger than the 42% variance from the first two principal 

components by using full DART-MS spectra data (Figure 2A). It was found that the selected ion spectra data 

improved the classification of gasoline with different brands by comparing the PCA score plots using full 

DART-MS spectra data (Figure 4A) and selected ion spectra data (Figure 2A). For example, Exxon and 

Speedway gasoline samples were fully separated from Shell gasoline in conventional PCA when selected ion 

spectra data was used (Figure 4B), while they mixed together when full DART-MS spectra data was used for 

PCA (Figure 2A). These results indicate that selected ion spectra may be a superior data representation for 

the discrimination of gasoline compared with full DART-MS spectra.  

PLS-DA classification and validation  

PLS-DA models were constructed by using both full DART-MS spectra data and selected ion spectra 

data, and evaluated with four Latin partitions and 100 bootstraps for the classification of gasoline samples 

based on 4 brands. The classification rates are 99.9 ± 0.1% for both models. The PLS-DA models 

Figure 4. Conventional PCA score plot (A) and ANOVA-PCA score plots for brand factor (B) with selected ion spectra data.  

Table 2. Analysis of Variance for selected ion spectra data.   

Source of Variation df SS 
Average 

SS 
F value p-value F-Crit 

Contribution in 
Total Variance 

Brand 4 25.4 6.3 64.4 <<10-3 2.5 64% 

Week 7 3.84 0.5 5.6 <<10-3 2.1 10% 

Replicate 2 0.14 0.1 0.6 0.6 3.1 0.3% 

Residuals 103 10.1 0.1    26% 
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successfully classified all the gasoline samples with 100% classification rates, except Speedway gasoline 

collected in the second week (labeled in Figure 4).  Figure S5 shows the abnormal peak pattern in DART-MS 

spectrum for the 2nd week Speedway gasoline sample. It contains a series of ion clusters including m/z 394.5, 

450.5, 506.5, 567, and 619 which are common ions in BP gasoline samples (Figure 1A) rather than 

Speedway gasoline (Figure 1C). Also, several common ions for Speedway gasoline such as m/z 474.5, 530.5, 

and 642.5 exist in this sample. The classification rate for 2nd week Speedway gasoline was 96 ± 4%. The 

results suggest that the same fuel additives were added into BP, Exxon, and Shell gasoline in the 8-week 

period and there was inconsistency of fuel additive formula in Speedway gasoline.     

   All the gasoline samples were analyzed again on April 12th, 2018, two weeks after the last sample 

collection, by the same DART-MS method.  Two types of data representations, full DART-MS spectra and 

selected ion spectra data sets, were used as prediction data sets for PLS-DA model validation. PLS-DA 

models were constructed by using the gasoline data collected in the first 8 weeks, and then used to predict the 

brand of gasoline in prediction sets. The prediction rates of 100% were achieved for both classifiers 

established with two data representations. The PCA score plot of the training sets and prediction sets are 

given in Figure 5. The PCA scores of the prediction data were not superimposable with the PCA scores 

obtained from the training data, especially with full DART-MS spectra data sets (Figure 5A). This disparity 

could be ascribed to the variations of DART-MS instrument from day to day.  

This study has demonstrated the capability and robustness of DART-MS technique to classify the 

brand of gasoline samples. The gasoline samples were collected and analyzed in 8 different weeks, and the 

samples were tested again to validate the method. All the results indicate the reproducible polymeric ion 

patterns could be used as the characteristic chemical fingerprints for gasoline with different brands.  

DART-MS on weathered gasoline samples  

It is well known that the evaporative losses of gasoline sample, or so-called weathering process, 

results in different chemical profiles compared to the un-weathered gasoline samples [38]. Therefore, the 

impact of the weathering process to fuel additive profiles in gasoline samples was studied. DART-MS was 



 

 

TN-IAI Newsletter Volume 9, Issue 4–Winter 2018       36 

used to analyze 30%, 50%, 70%, and 90% weathered 

BP, Exxon, Speedway, and Shell gasoline samples and 

their DART-MS spectra are shown in Figure S6, S7, 

S8, and S9, respectively. It was found that the 

weathering process can significantly change the PIB 

and polyether profiles in gasoline samples. For 

example, the relative intensities of characteristic ion 

clusters for BP gasoline (i.e., m/z 338.5, 394.5, 450.5, 

506.5, and 563 in Figure 1A) decreased as the extent of 

weathering increased and another group of cluster ions including m/z 377.5, 433.5, 489.5, 545.5, 601.5, and 

657.5 became dominant ions in the mass spectrum of heavier weathered (70% and 90%) BP gasoline (Figure 

S6). Characteristic ion for Exxon gasoline m/z 547 was much lower in weathered Exxon gasoline (Figure S7). 

Weathered Shell gasoline demonstrated dramatic changes of polymeric peak clusters based on the weathering 

extent (Figure S8): dominant ion clusters are m/z 473.5, 529.6, 641.7, 697.7, 753.7, and 809.8 in 30% 

weathered Shell gasoline, which is similar to the un-weathered Shell gasoline ion profile (Figure 1D); another 

two groups of ion clusters are prominent in 50% and 70% weathered Shell gasoline including m/z 459.5, 

Figure 5. PCA score plots for full DART-MS spectra (A) and selected ion spectra (B) training and validation data sets.  

Figure 6. PCA score plots for full DART-MS spectra data sets 
of regular and weathered gasoline samples.  
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515.5, 571.6, 627.7, 683.7, 739.8, 795.8, 851.8 and m/z 475.6, 531.7, 587.8, 643.8, 699.9, 756.0, 809.8; major 

ion clusters in 90% weathered Shell gasoline include m/z 447.6, 503.6, 559.7, 615.8, 671.8, 727.9, and 783.9. 

The weathered Speedway gasoline samples at different extent have similar polymeric ion profiles (Figure 

S9). In addition, there is no significant difference between weathered Shell gasoline samples from two 

different gas stations (data not shown). When DART-MS spectra of weathered samples were compared 

between brands (Figure S6-9), the polymeric ion clusters are still different. Therefore, the weathered gasoline 

samples have distinct DART-MS spectrum patterns depending on the extent of weathering and brand of 

gasoline.   

The weathered gasoline samples were tested as prediction set by the PLS-DA models constructed by 

using full DART-MS spectra data and selected ion spectra data as described in section 4.5. All the BP and 

Speedway weathered samples were correctly predicted, and only 30% weathered Exxon and Shell samples 

were classified correctly. PLS-DA is a classical crisp classification method which exploits the differences of 

the features to different classes. It was noticed that all BP weathered sample were classified accurately. 

Although heavier weathered BP gasoline samples have different dominant ion cluster patterns, the profiles 

are still significantly different from other brands of gasoline and more similar to BP training data sets. The 

PCA score plot of the training sets and weathered data sets are given in Figure 6. The lighter weathered 

samples were labeled and they have shown similar mass spectrum patterns to training data sets. The heavier 

weathered gasoline samples are clustered based on the brands (E, F, G, and H groups in Figure 6) which 

indicates that they can be easily differentiated. These results agree with DART-MS spectra data (Figure S6-

9).   

Conclusion 

This study proposed a robust and high-throughput method for the discrimination of gasoline samples 

with different brands. In the United States, fuel additives are the most important distinguishing components 

for gasoline with different brands in a local region. In this study, DART-MS and chemometric methods were 

used to discriminate gasoline samples with different brands. Gasoline samples were collected from five local 



 

 

TN-IAI Newsletter Volume 9, Issue 4–Winter 2018       38 

fuel stations in 8 weeks and analyzed by DART-MS within 24 hours of sample collection. The sample 

preparation and instrumental analysis time was about 2 min/sample. Our results indicate gasoline samples 

with different brands have distinct mass spectra patterns and the characteristic ion clusters correspond to the 

polymeric compounds in fuel additives. PLS-DA models were constructed by using two data reorientations 

including full DART-MS spectra data and selected ion spectra data, and both average classification rates for 

100×4 bootstrapped Latin partitions were 99.9 ± 0.1%. The classifiers were further validated by classifying 

gasoline data collected 2 weeks after the initial experiment, and the classification rates obtained were 100%.  

The weathering effect on gasoline fuel additive patterns was also investigated. It was found that the 

polymeric ion patterns in gasoline samples were both brand dependent and weathering extent dependent. The 

weathered gasoline samples can still be discriminated based on brands although they are different from un-

weathered samples. For the first time a MS based technique was applied to the analysis of fuel additive 

components in gasoline and this is also the first study to classify of gasoline based on brands by DART-MS 

technique. DART-MS can effectively determine selective fuel additives blended into gasoline, which have 

potential to be markers of gasoline with different brands.  
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Additional Information 

The Tennessee Division for the International 
Association for 
Identification 
(TNIAI) is  
comprised of 
forensic scientists, 
tenprint examiners, 
detectives, crime 
scene technicians, 
police officers and others dedicated to the advancing 
of education and training for crime scene processing 
and forensic identification disciplines.  The TNIAI 
hosts an educational conference featuring current 
topics and distinguished speakers.    
 

About Us 
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If you or any other TN IAI member in your agency has received any sort of 
promotion, award, or achievement, please submit the story to us for inclu-
sion in the next newsletter! 

Got any ideas or suggestions for the newsletter? 
Send them our way! We would love to hear from 
you. 

Email: matthew.buck@tn.gov 

Email: heather.hammond@tn.gov 
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Facebook: https://www.facebook.com/TennesseeIAI/  

Website: https://www.tniai.org/  
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