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Abstract
Introduction  Lipidomics is an emerging field with great promise for biomarker and mechanistic studies due to lipids diverse 
biological roles. Clinical research applying lipidomics is drastically increasing, with research methods and tools developed 
for clinical applications equally promising for wildlife studies.
Objectives  Limited research to date has applied lipidomics, especially of the intact lipidome, to wildlife studies. Therefore, 
we examine the application of lipidomics for in situ studies on Mozambique tilapia (Oreochromis mossambicus) in Loskop 
Dam, South Africa. Wide-scale mortality events of aquatic life associated with an environmentally-derived inflammatory 
disease, pansteatitis, have occurred in this area.
Methods  The lipidome of adipose tissue (n = 31) and plasma (n = 51) from tilapia collected from Loskop Dam were char-
acterized using state of the art liquid chromatography coupled to high-resolution tandem mass spectrometry.

Electronic supplementary material  The online version of this 
article (https​://doi.org/10.1007/s1130​6-019-1490-9) contains 
supplementary material, which is available to authorized users.
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Results  Lipid profiles reflected pansteatitis severity and were significantly different between diseased and healthy indi-
viduals. Over 13 classes of lipids associated with inflammation, cell death, and/or oxidative damage were upregulated in 
pansteatitis-affected adipose tissue, including ether-lipids, short-chained triglyceride oxidation products, sphingolipids, and 
acylcarnitines. Ceramides showed a 1000-fold increase in the most affected adipose tissues and were sensitive to disease 
severity. In plasma, triglycerides were found to be downregulated in pansteatitis-affected tilapia.
Conclusion  Intact lipidomics provided useful mechanistic data and possible biomarkers of pansteatitis. Lipids pointed to 
upregulated inflammatory pathways, and ceramides serve as promising biomarker candidates for pansteatitis. As compre-
hensive coverage of the lipidome aids in the elucidation of possible disease mechanisms, application of lipidomics could be 
applied to the understanding of other environmentally-derived inflammatory conditions, such as those caused by obesogens.
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Abbreviations
AcCa	� Acylcarnitine
AIF	� All-ion fragmentation
BEH	� Ethylene bridged hybrid
CE	� Cholesterol ester
Cer	� Ceramide
ddMS2	� Data-dependent tandem mass spectrometry
DG	� Diglyceride
DMPE	� Dimethyl-phosphatidylethanolamine
FDR	� False discovery rate
FFA	� Free fatty acid
GalCer	� Galactosylceramide
GlcCer	� Glucosylceramide
GPL	� Glycerophospholipid
CerG1	� Glycoceramide
HESI	� Heated electrospray ionization
HRMS	� High resolution mass spectrometry
LPA	� Lysophosphatidic acid
LPC	� Lysophosphatidylcholine
LPE	� Lysophosphatidylethanolamine
LPL	� Lysophospholipid
LSM	� Lysosphingomyelin
MG	� Monoglyceride
Ox	� Oxidized
PA	� Phosphatidic acid
PC	� Phosphatidylcholine
PCA	� Principle components analysis

PE	� Phosphatidylethanolamine
PG	� Phosphatidylglycerol
PI	� Phosphatidylinositol
PS	� Phosphatidylserine
SM	� Sphingomyelin
TG	� Triglyceride
UHPLC	� Ultra-high performance liquid chromatography

1  Introduction

Lipids have diverse biological functions and are ubiquitous 
across nearly all life forms. Biological changes due to exter-
nal stimuli (such as those resulting from disease) are often 
reflected in lipid profile fluctuations. By tracking lipid profile 
changes, clinical scientists can determine markers of health 
status and mechanisms of disease (Stephenson et al. 2017). 
Recent advances in mass spectrometric technology and data 
processing software have drastically increased the number 
of lipids which can be measured simultaneously within a 
system (Blanksby and Mitchell 2010). This broad coverage 
of lipids, termed lipidomics, has drastically increased the 
number of applications and scope of use within the clinical 
field (Sethi and Brietzke 2017; Stephenson et al. 2017).

While the emerging field of lipidomics has been widely 
accepted in clinical science, applications in wildlife and 
environmental studies are scarce and pose unique challenges. 
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For example, new lipids are discovered weekly in various 
organisms (Christie 2017), and as a consequence, these 
lipids will be absent within the databases of most lipid-
omic identification software. In addition, lipid profiles can 
drastically change due to natural changes across time and 
geography such as life-cycle, dietary, and seasonal changes 
(Mayzaud et al. 2011). Therefore, in situ studies are needed 
to establish lipid baselines that can distinguish lipid profile 
changes due to natural occurring phenomena versus the stud-
ied environmental change.

Recent in situ lipidomics applications focus on fatty acids 
indicative of exposure to different environmental contami-
nants in marine mussels (Albergamo et al. 2016), clams 
(Rocchetta et al. 2014), and manatees (Wetzel et al. 2010). 
However, fatty acids are only one class out of over 60 lipid 
classes that can be evaluated using modern lipidomics tech-
nology, and hence the application and implementation of 
more comprehensive lipidomics studies in situ could provide 
additional information. In order to determine the utility of a 
more comprehensive lipidomics approach in wildlife studies, 
we applied state-of-the-art lipidomics methods to study the 
mortality events in Loskop Dam, South Africa. Attention to 
this potential outbreak occurred after hundreds of Nile croc-
odiles (Crocodylus niloticus) were found dead at Olifants 
River Gorge in 2008 (Huchzermeyer 2012), and a popula-
tion in Loskop Dam was entirely killed off following a large 
fish kill (Dabrowski et al. 2014). The mass mortality events 
of fish and Nile crocodiles were attributed to an unidenti-
fied etiology that resulted in the development of an environ-
mentally-derived form of pansteatitis. Pansteatitis, a disease 
characterized by inflammation of adipose tissue, build-up 
of oxidative-associated pigments, and necrosis within adi-
pose tissue, is generally considered a nutritional disorder 
caused by a diet high in unsaturated fat and/or deficiency in 
vitamin E (Huchzermeyer 2012). However, in certain cases, 
like what was observed along the Olifants River, pansteatitis 
is also believed to be caused by additional environmental 
factors, such as trace metals or other xenobiotics, which 
affect oxidative stress pathways (Truter et al. 2016). Pro-
posed causes for the pansteatitis outbreak in Kruger National 
Park, South Africa, consisted of exposure to mining runoff, 
change in diet due to invasive species, eutrophication (due to 
phosphate mine, municipal sewage, and fly ash runoff from 
coalmines), cyanobacteria, and parasites (Dabrowski et al. 
2014; Huchzermeyer 2012; Huchzermeyer et al. 2011, 2013; 
Jooste et al. 2015; Lane et al. 2013).

Potential negative impacts of pansteatitis on the indig-
enous human population include a decrease in ecotourism 
(especially due to mass mortalities of the Nile crocodile) 
and the potential health effects of consumption of panstea-
titis-affected animals, especially since it has been proposed 
that diet is one route of origination of pansteatitis (Huchz-
ermeyer et al. 2013; Osthoff et al. 2010). For the present 

study, Mozambique tilapia (Oreochromis mossambicus), a 
common food source of the Nile crocodile (and humans), 
were selected as a model species to evaluate the practical 
application of plasma lipidomics as a means to ascertain 
lipid markers that can differentiate between pansteatitis-
affected and healthy specimens. The tissue lipidome (in this 
case, adipose) was characterized to understand the metabo-
lism of the disease and a potential mechanism for improving 
classification of disease severity. In general, we postulate 
that the findings from this pansteatitis outbreak study may 
be expanded to other environmental studies aimed at better 
identifying pathways involved with inflammatory diseases 
due to xenobiotic exposure.

2 � Materials and methods

2.1 � Sample collection and metadata

Fifty-one (n = 51) Mozambique tilapia (Oreochromis 
mossambicus) were captured at various locations along 
the inflow of Loskop Dam, Mpumalanga, South Africa 
(25°28′22.8″S: 29°15′25.2″E) between May 2–6, 2016. 
On capture, blood was immediately drawn and collected in 
lithium heparin 3 mL vacutainers (BD vacutainer, Frank-
lin Lakes, NJ). After the first blood draw, fish were kept in 
aerated tanks and transported back to the field station for 
necropsy. All fish work was conducted using the permit and 
animal handling protocol that was reviewed and approved 
by the Medical University of South Carolina (AR#: 3429) 
and the Mpumalanga Tourism and Parks Agency (Project 
#ES 6/1).

Upon arrival to the field station, blood was immediately 
centrifuged in collection tubes and 500 µL of plasma was ali-
quoted into cryogenic storage vials (Corning, Corning, NY) 
for lipidomic studies (n = 51). Adipose tissue was removed 
during dissection and flash frozen and stored for lipidomics 
analysis. Juvenile fish with an ambiguous sex assignment 
were excluded. Pictures of the whole fish and individual 
biopsied tissues were taken under consistent lighting in a 
photo box for documentation. A subset of the sampled fish, 
representing individuals with varying degrees of disease 
severity with matched age, size, and weight, were selected 
for lipidomics of adipose tissue (n = 31).

2.2 � Assessment of health status

On-site visual scores (current technique to diagnose panstea-
titis in the field), ranging from 0 to 5 (0 being no sign of pan-
steatitis and 5 being most severely affected), were assigned 
for the adipose tissues for each fish by at least two trained 
personnel (including one local veterinarian). Photographs 
of the adipose tissue from a select number of individuals 
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and their corresponding resulting visual scores are shown in 
Online Resource 1: Figure S1. In brief, scoring was based on 
the size, distribution, and amount of yellow/brown/orange 
pigmentation visually observed in the tissue, as this specific 
pigmentation is a hallmark of pansteatitis-affected necrotic 
tissue. In addition to the visual disease scoring, thin slices 
of adipose tissue were placed in formalin and a histological 
examination was also performed to generate an alternative 
disease score. The histological based scores (0–5) (Bowden 
et al. 2016) regarding disease severity were assigned. For 
this study, fish were assigned a health status of “diseased” if 
histological scores were greater than 1, and “healthy” if his-
tological scores were 1 or less. To compare scoring methods, 
both the histological score and the average of histological 
and visual scores were used for regression analysis.

2.3 � Lipidomics sample preparation and data 
acquisition

Plasma samples were extracted using the Bligh–Dyer 
method (Bligh and Dyer 1959) and adipose tissue samples 
were extracted using the Folch method (Folch et al. 1957). 
A Thermo Scientific Vanquish UHPLC system (Thermo 
Scientific, San Jose, CA) was coupled to an Orbitrap Fusion 
Lumos Tribrid (Thermo Scientific, San Jose, CA) for the 
chromatographic separation and mass spectral measure-
ments of lipids in positive and negative ion mode, respec-
tively. A Waters Acquity C18 BEH column (2.1 × 100 mm, 
1.7 µm particle size, Waters, Milford, MA) with a gradient 
program consisting of mobile phase C [60:40 acetonitrile/
water] and mobile phase D [90:8:2 isopropanol/ acetonitrile/
water], each containing 10 mmol/L ammonium formate and 
0.1% (v/v) formic acid, was employed for chromatographic 
separation of all lipid samples. An in-depth description of 
sample preparation and data-acquisition methods and param-
eters can be found in the Online Resource 1.

2.4 � Lipidomics data processing

Lipid features were obtained using MZmine as described 
in (Koelmel et al. 2017). Features observed in the blanks 
were removed using the blank feature filtration method 
(Patterson et al. 2017). The blank feature filtration method 
compared to various other filtering methods has been shown 
to increase the removal of true negatives while decreasing 
the removal of true positives (Patterson et al. 2017). The 
resulting MZmine features were annotated using both AIF 
and ddMS2-top10 data with LipidMatch (Koelmel et al. 
2017) and LipidSearch (Thermo Scientific, San Jose, CA). 
These annotations are putative, as annotations are based on 
in-silico MS/MS spectral libraries without matching inter-
nal standards for validation and without confirmation using 
orthogonal approaches (Sumner et al. 2007). Normalization 

to lipid standards was performed using LipidMatch Quant. 
This program provides a single point calibration using an 
exogenous lipid internal calibrant that best represents the 
lipid feature (based on lipid class, adduct, and retention 
time). An in-house R script was applied that combined mul-
tiple lipid features (adducts) into one feature representing a 
unique lipid molecule. This script also combined negative 
and positive polarity data into a single dataset. All open 
source lipidomics tools are available at http://secim​.ufl.edu/
secim​-tools​/.

2.5 � Statistical analyses

Multivariate statistical analysis was performed using Meta-
boanalyst 3.0 (Xia et al. 2015). Briefly semi-quantified val-
ues [mg lipid per kg tissue (dry weight) and mg lipid per kg 
plasma (wet weight)] were normalized by sum, log trans-
formed, and mean centered. Principal components analy-
sis (PCA) was performed on the resulting normalized lipid 
values, with samples color-coded by sex and disease status. 
For univariate analysis, a t-test was performed on “diseased” 
versus “healthy” tilapia for males and females in plasma 
and adipose tissue samples. To account for multiple com-
parison errors, the Benjamini-Hochberg method (Benjamini 
and Hochberg 1995) was used to obtain false discovery rate 
(FDR) corrected p-values. To determine trends across lipid 
classes, a fisher’s exact test was performed using the fisher.
test function in R (R Development Core Team 2016) script 
and function. An in-depth description of statistical methods 
can be found in Online Resource 1.

3 � Results and discussion

In this work, we show the utility of comprehensive lipidom-
ics for discovering mechanisms and biomarkers of wildlife 
disease in situ. We determined over 13 lipid classes that 
significantly changed across different levels of disease sever-
ity in adipose tissue, all of which were related to either cell 
death, inflammation, and/or oxidative damage. These data 
could not only be used to better diagnose and determine 
mechanisms and treatments of pansteatitis-affected aquatic 
life in South Africa, but also may be extrapolated to general 
mechanisms and effects of other inflammatory diseases.

3.1 � Field observations and measurements

Field observation and measurements revealed major 
drought conditions (Online Resource 1: Figure S2), green 
algal blooms (Online Resource 1: Figure S3), and alka-
line water (average pH of 8.85 ± 0.50) with the following 
averaged values between May 2–6, 2016: conductivity of 
534 ± 67 µmhos/cm, total dissolved solids at 375 ± 43 mg/L, 

http://secim.ufl.edu/secim-tools/
http://secim.ufl.edu/secim-tools/
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salinity at 0.26 ± 0.03 ppt, and temperature of 22.2 ± 1.5 °C. 
Satellite imagery from Google Earth showed numerous coal 
mining operations near the river system and coal mining 
refuse without any buffer feeding into Loskop dam (Online 
Resource 1: Figure S4 and Figure S5). This finding may 
serve as a possible reason for the elevated pH levels of the 
river system. Elevated pH from coal mining, nutrient over-
load from modern farming practices (Online Resource 1: 
Figure S6 and Figure S7) and sewage release from poorly 
operating waste water treatment plants (Dabrowski et al. 
2013; Dabrowski and de Klerk 2013) are likely contributors 
to the observed eutrophication (Online Resource 1: Figure 
S3). Eutrophication can produce phytoplankton blooms, 
which can cause an increase in the amount of polyunsatu-
rated fats in the diet of aquatic organisms (Huchzermeyer 
et al. 2013). Polyunsaturated fats are more easily oxidized 
and many organisms have not evolved to accommodate large 
amounts in their diet, hence potentially leading to panstea-
titis development (Huchzermeyer et al. 2013). Pansteatitis-
affected Mozambique tilapia have been shown to consume 
significantly more plankton high in polyunsaturated fats as 
compared to healthy tilapia (Dabrowski et al. 2014). In addi-
tion, microcystins released from the algal blooms can lead 
to, or exacerbate, pansteatitis. A map showing the distribu-
tion of anthropogenic activities possibly leading to contami-
nation in the region is shown in Online Resource 1: Figure 
S8.

3.2 � Pansteatitis‑affected fish morphology 
and histology

Metadata on morphology and histology of fish examined in 
this study can be obtained in Online Resource 2, as well as 
on the metabolomics workbench along with all data files, 
feature tables, and meta data ( http://www.metab​olomi​
cswor​kbenc​h.org/data/DRCCS​tudyS​ummar​y.php) under 
ST001052 (plasma) and ST001059 (tissue). Most fish cap-
tured at Loskop Dam exhibited visual signs of pansteatitis 
in tissue (ceroid pigments), with only 8 of 51 Mozambique 
tilapia showing no signs of pansteatitis by both histology 
and visual scoring of adipose tissue (score of 0). These 8 
fish were significantly (p < 0.001) younger (4.8 ± 2.0 years, 
examining otolith rings) compared to the fish with signs of 
pansteatitis (9.1 ± 2.7 years), and weighed significantly less 
(p < 0.001) at 1.3 ± 0.2 kg as compared to 1.7 ± 0.4 kg. These 
findings indicate a correlation with age, potentially due to 
the accumulation of toxins, increased polyunsaturated fats 
from the diet, or other exposure occurring overtime. This 
trend of older, heavier fish having more severe pansteatitis 
has been previously reported (Bowden et al. 2016).

Histology was used both to characterize disease pro-
gression and correlate lipid profile shifts across disease 
states. Histological analysis of adipose tissue is shown 

in Online Resource 1: Figure S10 with a more in-depth 
description of histology provided in Online Resource 1 
and Online Resource 2. A distinct progression of disease 
was observed. The initial stage of pansteatitis results in 
the swelling of individual adipocytes (adipose cells) and 
breakdown of the clear intracytoplasmic lipid vacuole 
into numerous smaller foamy vacuoles (Online Resource 
1: Figure S10A). Following adipose degeneration (loss off 
function and eventual death of adipose cells), either fibrous 
connective tissue surrounds the degenerate adipocyte and/
or there is a discrete influx of histiocytic inflammation into 
the tissue (lipoid granuloma formation). The inflamma-
tion is characterized by infiltration of macrophages (Online 
Resource 1: Figure S10B - Figure S10D), which have a 
distinctly different lipid profile (lipidome) compared to the 
normal adipose cell lipidome.

3.3 � Lipidomics: overview of results

The evaluated plasma revealed 590 lipid molecules across 
23 lipid classes. Furthermore, 963 lipid molecules from 37 
lipid classes were identified in adipose tissue. Lipid con-
centrations across samples, annotations, and statistics are 
provided in Online Resource 3 and Online Resource 4 and 
on the metabolomics workbench. While there was over-
lap between groups, principal component analysis (PCA) 
showed significant differences between the lipid profiles 
of diseased and healthy fish for both males and females in 
both plasma and tissue samples based on a t-test of scores 
(Fig. 1a, b). Scores plots show that grouping by health and 
disease status was more apparent in adipose tissue sam-
ples when compared to the plasma samples. This is most 
likely due to the use of adipose as a proxy to score health 
status (which is the traditional scoring method employed) 
(Bowden et al. 2016). Plasma is a mixture of secretions 
from other organs, which were also affected by pansteatitis, 
but not always to the same extent as adipose tissue. In addi-
tion, plasma lipid concentrations are more transient, chang-
ing depending on short temporal phenomena such as diet. 
A more detailed explanation of sample inclusion and exclu-
sion criteria, and the minimal grouping of plasma samples 
based on health status in the PCA scores, is discussed in 
Online Resource 1.

Triglyceride down-regulation in diseased individuals 
(Table 1 and Online Resource 1: Figure S9) was the only 
significant class-based trend observed in the plasma sam-
ples, and further supports anorexia in animals affected by 
pansteatitis, which is demonstrated by reduced lipid con-
tent in plasma. On the contrary, numerous lipid classes 
were up-regulated in diseased individuals in adipose tis-
sues; these lipids were general indicators of a heightened 
inflammatory response and will be discussed in more 
detail below.

http://www.metabolomicsworkbench.org/data/DRCCStudySummary.php
http://www.metabolomicsworkbench.org/data/DRCCStudySummary.php
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3.4 � Lipid profiles in adipose tissue indicate 
an increased inflammatory response

Univariate analysis using Fisher’s exact test showed that 
upregulated lipids in more severely affected adipose tissue 
(p < 0.005) generally consisted of the following sphingolip-
ids as shown in Table 1: ceramides (CER), glyco-ceramides 
(CerG1), and sphingomyelins (SM), and the following 
ether-linked lipids: plasmenyl and plasmanyl lysophosphati-
dylcholines (ether-LPC), plasmenyl and plasmanyl phos-
phatidylcholines (ether-PC), and plasmenyl and plasmanyl 
phosphatidylethanolamines (ether-PE). Acyl carnitines were 
significantly upregulated in diseased male tilapia adipose tis-
sue, with all three identified acyl carnitines significant at an 
FDR corrected p-value less than 0.05. A visual representa-
tion of significance and fold change by lipid class is shown 

in Fig. 2 for female adipose samples and Online Resource 
1: Figure S9 for males.

Severely affected male and female tilapia adipose tis-
sue contained significantly upregulated ceramides and 
sphingomyelins (Fig. 2 and Online Resource 1: Figure 
S9B), with the most drastic changes observed in males. 
In male fish, fold changes over 50 were observed for most 
ceramide, glyco-ceramide, and oxidized ceramide species, 
whereas fold changes over 10 for most SM species was 
observed (Online Resource 1: Figure S9B). Ceramides 
play an important role in signaling cascades related to 
inflammatory response, (Maceyka and Spiegel 2014) and 
are also upregulated in programmed cell death (Mullen 
and Obeid 2012). In a study analyzing the mouse mac-
rophage lipidome, Dennis et  al. 2010 found that mac-
rophage cells undergoing pro-inflammatory Kdo2-lipid A 
treatment had increased sphingolipid content, including 

Fig. 1   PCA scores plots for plasma (a) and adipose (b) color coded 
by sex and health status. FDR corrected p values of the scores for dis-
eased females (FD) versus healthy females (FH) and diseased males 

(MD) versus healthy males (MH) are shown in the bottom left cor-
ners of both panels

Table 1   Fisher’s exact test p 
values for the most significantly 
upregulated and downregulated 
lipid classes (see table of 
acronyms for lipids)

The p values are for upregulated in diseased males (M Up D), upregulated in diseased female (F Up D), 
downregulated in diseased males (M Down D), and downregulated in diseased females (F Down D)

Adipose tissue Plasma TG

Cer CerG1 SM ether-LPC ether-PC ether-PE

M Up D 0.001 0.000 0.000 0.004 0.000 0.002 1.000
F Up D 0.000 0.000 0.000 0.000 0.000 0.004 1.000
M Down D 1.000 1.000 1.000 1.000 1.000 1.000 0.000
F Down D 1.000 1.000 1.000 1.000 1.000 1.000 0.000
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ceramides, glycol-ceramides, and sphingomyelin. There-
fore, this drastic increase in sphingolipids, especially cera-
mides, in adipose tissue of more severely affected fish, 
may be attributed to the microscopically observed histio-
cytic inflammatory components associated with adipocyte 
degeneration and necrosis.

One possible alternative interpretation is that age and/or 
weight, both of which were correlated with disease severity, 
were responsible for the drastic change in ceramide concen-
tration in adipose tissue. Therefore, the subset of adipose 
samples with tilapia ages ranging from 8 to 11 were selected. 
For this subgroup of tilapia samples, the tilapia did not differ 
significantly in age or weight between diseased (n = 7) and 
healthy (n = 6) individuals (Student t test p value > 0.1). The 
total ceramide concentration remained significantly differ-
ent between healthy and diseased individuals of similar age 
and weight (p-value < 0.05), with average concentrations of 
14.1 ± 10.2 mg/kg versus 140.1 ± 128.7 mg/kg, respectively.

In addition to sphingolipids, a significant increase in 
ether-linked lipids were observed in diseased tilapia adipose 
tissues. Ether-lipids are a major component of macrophage 
membranes and macrophages contain a significantly higher 
level of ether-lipids when compared to the levels found in 
adipose cells (Ivanova et al. 2010). Therefore, the increase in 
ether-lipids could be indicative of an increase in macrophage 
cells in diseased adipose tissue. Ether-lipids are targets of 
oxidation, preventing the chain propagating step of oxida-
tion reactions in membranes, and hence can be considered 
antioxidants (Engelmann 2004). Increased oxidation would 
be expected to show the reverse trend as a decrease in ether-
lipid levels, and hence would not explain the observed levels 
(Engelmann 2004). Therefore, changes in ether-lipids may 

be predominated by increased histiocytic inflammatory com-
ponents, rather than direct oxidative damage.

Acylcarnitines were also elevated in severely affected 
tissues and have been shown to increase with histiocytic 
inflammation as well as play key roles in the inflammatory 
response (Adlouni et al. 1988; Johnson et al. 2012; Sampey 
et al. 2012; Schmerler et al. 2012). Most acyl-carnitines, 
ether-linked lipids, and sphingolipids were positively cor-
related across adipose samples (Pearson correlations greater 
than 0.95) and grouped together in a correlation matrix 
(Online Resource 1: Figure S11 and Online Resource 5). 
This strong correlation suggests, although does not prove, 
that all of these lipids are associated with the same phenom-
enon, most likely the previously discussed macrophage infil-
tration and host inflammatory response. Furthermore, lipids 
that tightly group and correlate to these lipid species may 
be involved in, or indicate, macrophage infiltration and pan-
steatitis severity. Other lipids which correlated significantly 
were the majority of short-chained triglyceride oxidation 
products, phosphatidylinositol (PI), phosphatidylserine (PS), 
and phosphatidylglycerol (PG) species (Online Resource 1: 
Figure S11 and Online Resource 5). Short-chained oxida-
tion products of triglycerides (TGs) may be direct products 
of oxidative damage indicative of pansteatitis, while PI, PS, 
and PG have been found in significant quantities in mice 
macrophage cell membranes (Dennis et al. 2010).

3.5 � A more quantitative and sensitive approach 
to assessing disease severity using lipidomics 
data

Categorizing fish as “healthy” and “diseased” is helpful to 
determine the major lipids differing across health status, 

Fig. 2   Volcano plot color 
coded by lipid class for female 
adipose samples. Fold change 
and p-values are based on 
comparison of diseased (FD) 
and healthy (FH) females. Red 
squares signify FDR corrected 
p-values less than 0.2 and fold 
changes greater than 2 (or less 
than 0.5). Definitions of lipid 
acronyms are provided in the 
table of acronyms
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but in reality, fish varied within these groupings based on 
disease progression and severity. Therefore, the resulting 
biomarkers were correlated against the average of histo-
logical and visual scores to determine lipid change across 
disease progression/severity. All the above-mentioned lipid 
species exponentially increased across disease severity, with 
sphingolipids, especially ceramides, being the most sensi-
tive to changes in health status. An example is shown for 
Cer(d18:0 + pO/22:0), a ceramide with a phytosphingosine 
base with an additional oxygen, in Fig. 3a with a correlation 
coefficient of 0.81. Cer(d18:0 + pO/22:0) was the most abun-
dant phytosphingosine containing lipid identified in adipose 
tissue. As an example of sensitivity to changes in disease 
severity, Cer(d18:0 + pO/22:0) changed over 3 orders of 
magnitude (greater than 1000-fold) from the least diseased 
to most severely affected individuals. Previous research has 
reported phytosphingosine lipids, produced in fish leuko-
cytes, to concentrate in inflamed tissues (Bodennec et al. 
2000, 1998).

Currently there are no methods to quantitatively deter-
mine disease severity in pansteatitis-affected animals, and 
even qualitative characterization of disease severity is prob-
lematic. Visual scoring is subjective and conclusions derived 
from histological studies are based on only a small portion of 
very heterogeneously affected tissues that often do not rep-
resent the entire tissue. Differences in limitations for deter-
mining health status may explain the surprising finding that 
visual and histological scores of disease severity were only 
minimally correlated (R2 = 0.39; Online Resource 1: Figure 
S12). Using the visual and histological scores separately pro-
vided even lower R2 values than the average of both scoring 
systems in all cases above. The high degree of correlation 
of sphingolipids with the average of histological and visual 
scoring and drastic change with disease severity suggests 
that sphingolipids may serve as molecular markers to better 
quantitatively indicate disease severity.

We therefore compared the use of ceramide as a proxy 
for disease status against histological and visual scores for 
predicting total TG content in plasma, percent moisture in 

Fig. 3   Correlation of adipose Cer(d18:0 + pO/22:0) semi-quantitative amounts with the average of histological and visual scores, and tissue and 
blood parameters indicative of disease severity. Note x-axis is log scaled
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adipose tissues, and protein levels in plasma. Plasma protein 
and percent moisture have previously been associated with 
pansteatitis (Bowden et al. 2016; Osthoff et al. 2010). Both 
plasma protein and TG levels were expected to decrease in 
starved fish (Costas et al. 2011; Pérez-Jiménez et al. 2007). 
Starvation has been observed in pansteatitis-affected croc-
odiles in the region with adipose inflammation leading to 
rigid immobility, an inability to hunt, a reduction in TG lev-
els, and ultimately death (Woodborne et al. 2012). Using 
Cer(d18:0 + pO/22:0) relative concentrations as an indica-
tor of disease severity, disease severity correlated with total 
plasma TG content (R2 = 0.55, power function), total plasma 
protein (R2 = 0.64, power function), and adipose tissue 
moisture content (R2 = 0.83, power function) (Fig. 3b–d). 
Cer(d18:0 + pO/22:0) explained 5% more of the variance in 
plasma total TG, 10% more of the variance in plasma total 
protein, and 25% more of the variance in percent moisture 
content than the average of visual and histological scores 
(Online Resource 1: Figure S13). These findings provide 
evidence that lipids serve as better indicators of disease 
severity than traditional visual and histological approaches 
in adipose tissue.

A number of lipids (e.g., PS, PG, and PI species) were 
highly correlated across samples with Cer(d18:0 + pO/22:0), 
having Pearson correlation coefficients greater than 0.98 
(Online Resource 5). Therefore, any of these molecules 
could be used as a molecular marker to determine disease 
severity in adipose tissue. An individual lipid species or a 
panel of lipid species can be chosen which provide the most 
robust, low cost, and sensitive measurements indicative of 
health status. Caution should be used when employing bio-
markers from this study, as many can be indicators of inflam-
mation and cell death, which are associated with numerous 
other disease states and may lead to false positive diagnoses. 
In addition, the ideal biomarker would be acquired using less 
invasive techniques such as collection of plasma, especially 
since translation to crocodiles affected in the region neces-
sitates non-invasive approaches, although tissue plugs are 
possible to acquire with appropriate permits.

While mass spectrometry was used in this study, changes 
are observed at the class level as well as the species level 
making thin layer chromatography (Jurowski et al. 2017) or 
other low cost methods viable options for direct application 
in the field for class level biomarkers. Characterizing pan-
steatitis using one or more of these lipid markers at either 
the class or species level has many advantages compared 
to histological or visual examination. Advantages include 
procurement of a quantitative (less subjective) result, abil-
ity to detect subtle changes in disease severity (especially 
in ceramides), detection of biological molecules provides 
insight into disease pathogenesis, and allows for a non-lethal 
approach when collecting field samples.
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