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ABSTRACT 

 
 

Contamination of peanuts by secondary metabolites of certain fungi, namely 

aflatoxins present a great health hazard when exposed either at low levels for prolonged 

times (carcinogenic) or at high levels at once (poisonous). It is important to develop an 

accurate and rapid measurement technique to trace the aflatoxin and/or source fungi 

presence in peanuts. Thus, current research focused on development of vibrational 

spectroscopy based methods for detection and separation of contaminated peanut 

samples.   

Aflatoxin incidence, as a chemical contaminant in peanut paste samples, was 

investigated, in terms of spectral characteristics using FTIR-ATR. The effects of spectral 

pre-processing steps such as mean-centering, smoothing the 1st derivative and 

normalizing were studied. Logarithmic method was the best normalization technique 

describing the exponentially distributed spectral data. Spectral windows giving the best 

correlation with respect to increasing aflatoxin amount led to selection of fat associated 

spectral bands. Using the multivariate analysis tools, structural contributions of aflatoxins 

in peanut matrix were detected. The best region was decided as 3028-2752, 1800-1707, 

1584-1424, and 1408-1127 cm-1 giving correlation coefficient for calibration (R2
C), root
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 mean square error for calibration (RMSEC) and root mean square error for prediction (RMSEP) 

of 98.6%, 7.66ppb and 19.5ppb, respectively. Applying the constructed partial least squares 

model, 95% of the samples were correctly classified while the percentage of false negative  and 

false positive identifications were 16% and 0%, respectively. 

Aspergillus species of section Flavi and the black fungi, A. niger are the most common 

colonists of peanuts in nature and the majority of the aflatoxin producing strains are from section 

Flavi. Seed colonization by selected Aspergillus spp. was investigated by following the chemical 

alterations as a function of fungal growth by means of spectral readouts. FTIR-ATR was utilized 

to correlate spectral characteristics to mold density, and to separate Aspergillus at section, 

species and strain levels, threshold mold density values were established. Even far before the 

organoleptic quality changes became visually observable (~10,000 mold counts), FTIR 

distinguished the species of same section. Besides, the analogous secondary metabolites 

produced increased the similarity within the spectra even their spectral contributions were mostly 

masked by bulk peanut medium; and led to grouping of species producing the same mycotoxins 

together.  

Aflatoxigenic and non-aflatoxigenic strains of A. flavus and A. parasiticus were further 

studied for measurement capability of FTIR-ATR system in discriminating the toxic streams 

from just moldy and clean samples. Owing to increased similarity within the collected spectral 

data due to aflatoxin presence, clean samples (having aflatoxin level lower than 20 ppb, n=44), 

only moldy samples (having aflatoxin level lower than 300 ppb, n=28) and toxic samples (having 

aflatoxin level between 300-1200 ppb, n=23) were separated into appropriate classes (with a 

100% classification accuracy).  
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Photoacoustic spectroscopy (PAS) is a non-invasive technique and offers many 

advantages over more traditional ATR system, specifically, for in-field measurements. Even 

though the sample throughput time is longer compared to ATR measurements, intact seeds can 

be directly loaded into sample compartment for analysis. Compared to ATR, PAS is more 

sensitive to high moisture in samples, which in our case was not a problem since peanuts have 

water content less than 10%. The spectral ranges between: 3600-2750, 1800-1480, 1200-900 cm-

1 were assigned as the key bands and full separation between Aspergillus spp. infected and 

healthy peanuts was obtained. However, PAS was not sensitive as ATR either in species level 

classification of Aspergillus invasion or toxic-moldy level separation. When run for separation of 

aflatoxigenic versus non-aflatoxigenic batches of samples, 7 out of 54 contaminated samples 

were misclassified but all healthy peanuts were correctly identified (15 healthy/ 69 total peanut 

pods).  

This study explored the possibility of using vibrational spectroscopy as a tool to 

understand chemical changes in peanuts and peanut products to Aspergillus invasion or aflatoxin 

contamination. The overall results of current study proved the potential of FTIR, equipped with 

either ATR or PAS, in identification, quantification and classification at varying levels of mold 

density and aflatoxin concentration. These results can be used to develop quality control 

laboratory methods or in field sorting devices. 
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CHAPTER 1 

 

INTRODUCTION 

The unavoidable natural contamination of agricultural products, notably peanuts, with 

aflatoxin is of particular public health importance all over the world. Yet, it imposes greater 

health risks in places of high level of exposure like African countries, where the climatic 

conditions support the growth of the opportunistic pathogens producing aflatoxin. Ingestion of 

aflatoxins through the diet has been reported to pose chronic health risks that may result in liver 

and kidney diseases and a suppression of immune system (Golob, 2007). The ability of  

aflatoxins to compromise the immune response and, consequently, reduce resistance to infectious 

diseases is now widely considered as the most important outcome of aflatoxin exposure, 

particularly in developing countries (FAO, 2001). Studies shows that aflatoxin exposure gives 

rise to changes in nutrition and immunity; and prevalence studies concluded that approximately 

4.5 billion persons living in developing countries are constantly exposed to largely uncontrolled 

amounts of the toxin (Williams et al., 2004). 

In Uganda and Kenya, peanut is the second major legume produced (Kaaya et al., 2006) 

and exported, and food source for the population; consequently, apart from the public health, 

aflatoxin has also a big negative impact on the economy of these developing countries. As it is 

predicted, many agricultural practices are not adequate enough to reduce the contamination 

levels of mold or toxin in these developing countries. In developed countries food infected 

heavily with fungi can be discarded, while in developing countries,  even food that is graded as 

low quality, can find interested customers when offered at lower prices (Hell and Mutegi, 2011). 
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Together with the economical inadequacy, lack of proper sampling and analytical 

procedures and  inadequate enforcements of laws, poor awareness of farmers, traders, processors 

and consumers to seriousness of aflatoxicosis (Kaaya et al., 2006) aggravates the difficulties to 

control and manage the aflatoxin incidence in peanuts, in Uganda and Kenya. Kaaya and Warren 

(2005) pointed out the necessity for proper management of aflatoxins in food products like 

peanuts and adequate measurement techniques on the quality of products . It was also reported 

that, there is a serious problem in aflatoxin analysis by individual farmers, traders or 

organizations handling aflatoxicosis-prone crops because of the cost of the analysis and 

unavailability of laboratories specifically constructed to perform aflatoxin analysis (Kaaya and 

Warren, 2005).  

Aflatoxin contamination and infection with source fungi of peanuts has economic effects 

not only in Africa but also in the United States. The annual cost of aflatoxin to farmers of 

southeast U.S. peanut industry was reported as $25 million (Lamb and Sternitzke, 2001). Even it 

is hard to assess all of the costs associated with toxic secondary metabolites of naturally 

occurring Aspergillus spp.  on grains, but on average, annual cost of  $1400 million was 

estimated in the United States, including the crop losses and additional costs for testing or other 

quality measures (Dohlman, 2004b). 

Among the methods available for the determination of aflatoxins, vibration spectroscopy 

methods like FTIR are gaining popularity. There is some literature studying mold infestation on 

crops, mainly on corn using FTIR coupled with different accessorizes such as photoacoustic 

spectroscopy (PAS) and diffuse reflectance spectroscopy (DRS) (Greene et al., 1992; Kos et al., 

2004), transient infrared spectroscopy (TIRS)(Gordon et al., 1999), and attenuated total 
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reflectance spectroscopy (ATR)(Kos et al., 2004; Mirghani et al., 2001). The literature 

demonstrates and supports the possibility of using FTIR for analysis of aflatoxin in peanuts. 

 

Overall Objective: 

The overall objective of the study is to develop a new analytical method to determine the 

aflatoxin content of peanuts by rapid and non-destructive assessments using Fourier Transform 

Infrared Spectroscopy (FTIR) equipped with Attenuated Total Reflection (ATR) mode. 

Additionally, the growth patterns of aflatoxin source fungi, and others commonly found in 

peanut fields, known to cause plant rot are also aimed to be investigated to interpret chemical 

changes in terms of spectral measures using either ATR or Photo Acoustic Spectroscopy (PAS) 

accessorizes. 

Specific objectives 

� Developing/Evaluating multivariate regression models to describe the changes in spectra 

with respect to aflatoxin level and/or mold infection level in peanut products. 

� Developing/Evaluating classification methods for discrimination of clean peanuts from 

aflatoxin and/or Aspergillus spp. contaminated peanut samples. 

� Developing/Evaluating ATR and PAS spectra based models for detection and deciding 

on growth profiles of Aspergillus spp. invasion on peanuts.  

Significance of Study: 

Aflatoxins are fungal bio-agents that merit more attention on account of being a potential 

health hazard to populations open to high level of aflatoxin exposure. Public interest towards the 

solemnity of those low molecular weight toxins has been increasing. The variability of 
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commodities, that aflatoxin contamination can occur, makes the prospects for ongoing 

significant human aflatoxicosis more likely, especially in poor rural communities in Africa.  

Bearing the facts of consequent economic losses and public health outcomes involving 

high mortality in mind, aflatoxin management should be conducted not only in developed 

countries but most importantly in developing, low-income countries in which surveillance is less 

available. Studies searching for more reliable, rapid and non-destructive aflatoxin detection 

methods should be implemented for safer peanuts. Taking this necessity into account, this study 

will provide opportunities to evaluate all peanut products for aflatoxin contamination and mold 

infestation non-destructively and manage aflatoxin contamination. 

Hypothesis: 

The hypothesis for the proposed objective is that the developed computational regression 

model shall be able to describe the changes in spectra of contaminated peanuts with aflatoxin 

and/or Aspergillus spp. In order to authenticate our objectives, the following questions shall be 

addressed: 

� What are the infrared features (optimal frequency regions) that best describe the 

changes in spectra of contaminated peanuts with aflatoxin and/or Aspergillus spp?  

� How accurate shall the multivariate regression/classification models be in describing 

spectral changes in infected peanuts? 

� How sensitive shall be the FTIR-ATR in the analysis of contaminated peanuts 

(aflatoxin and/or Aspergillus spp.). What is the threshold for detection of aflatoxin 

and/or Aspergillus spp. level? 
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Thesis Layout 

This thesis consists of seven chapters. Chapter 1 is the introduction and provides brief 

information about the research. Chapter 2 consists of literature review related with the current 

work. Chapter 3-6 were written as 4 different manuscript intended to be submitted to relevant 

journals. Chapter 3 is about the aflatoxin detection using FTIR, while Chapter 4 and 5 discuss the 

Aspergillus spp. invasion in peanuts and classification techniques developed to separate healthy 

stream from moldy and toxic streams of peanuts using FTIR-ATR system. Chapter 6 focuses on 

detection of fungal contamination using FTIR coupled with PAS accessory for non-invasive and 

non-destructive measurement. Concluding remarks of the current work and recommended 

directions for the future work are given in Chapter 7.  
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CHAPTER 2 

 

LITERATURE REVIEW 

 

INTRODUCTION 

Aflatoxins are highly toxic, mutagenic, immunosuppressant and carcinogenic metabolites 

produced by fungi of the Aspergillus genus; Aspergillus flavus and Aspergillus parasiticus. 

Aflatoxins have probably been with humans from time immemorial, but have garnered interest 

recently due to an outbreak that occurred in the early 1960’s. After being associated with the 

turkey X disease as a causative agent, studies focused on the potential hazards of these 

substances as contaminants of food and feed. Crops grown in East-African countries are more 

susceptible to fungal attack because of their tropical climatic conditions. Apart from public 

health, acute toxicity has also a vast impact on the economy of these developing countries which 

produce peanuts as the second major crop.  In order to defeat aflatoxicosis and improve the 

economic revival, it is essential to establish proper management of aflatoxins in food products, 

like peanuts, and to set adequate measurement techniques to track the quality of peanuts at both 

farm and market levels. In this review, recent literature related to the status of Aspergillus 

species, the secondary metabolite, aflatoxin and source fungi, global and African standpoint of 

aflatoxin contamination in peanuts, the most recent available detection methods, and the use of 

sophisticated yet simple FTIR methods for fungal infection in grains were summarized.  



9 
 

2.1 The genus Aspergillus 

The genus Aspergillus is ubiquitous in nature and distributed worldwide. It is among the 

most studied of all fungal genera due to its economic impact as being both an industrially 

important bio-producer of certain enzymes and a causative agent in food spoilage (Bennett, 

2010). Raper and Fennell (1965) write that by addition of new species and the changes that have 

been made ever since, the genus now contains about 250 species (Raper and Fennell, 1965; 

Samson and Varga, 2010). The taxanomic classification of Aspergillus is: Kingdom: Fungi; 

Phylum: Ascomycota; Class: Eurotiomycetes; Order: Eurotiales; Family: Trichocomaceae; 

Genus: Aspergillus. (Arch, 2010). Even many other physiological or molecular characteristics 

have been used to improve the taxonomic schemes of Aspergillus; morphological structures are 

still important criteria for classification. In macro scale, all Aspergillus species have L- or T-

shaped foot cells that produce the conidiophore, which terminate in a vesicle at its apex and 

forms phialides that produce long chains of conidia (Figure 2.1). Not only the vesicle but also the 

phialides are unique to  genus Aspergillus (Bennett, 2010). Other microscopic structures 

including sclerotia, fruiting bodies with Hulle cells are the key characters specific to certain 

species only. Also, the size and the ornamentation of the conidial heads and the  color of the 

spores are important for the indication of section and group level of classification (Samson and 

Varga, 2010). 
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Figure 2.1: Characteristic conidiophores of Aspergillus. Adapted from (Klich, 2007). 

Within the genus Aspergillus there are eight subgenera; and there is one or more section 

assigned to each subgenus. Currently, there are 18 sections named in total (Samson and Varga, 

2010). Among them, section Flavi, which takes its name from infamous member, A. flavus, and 

the black aspergilli, A. niger have been frequently seen in peanuts as dominant colonists. A. niger 

is taxonomically classified in subgenus Circumdati, section Nigri  (Samson and Varga, 2010) 

and may be found worldwide, and is usually seen as a contaminant in sun-dried plant products 

(Samson et al., 2002). Black mold is a prevailing colonist of peanuts and commonly co-exists 

with A. flavus (Horn, 2005). A. niger is known to be responsible for dry rot (collar rot, crown rot) 

in peanuts, where germinating seeds are covered with masses of black conidia followed by rapid 

drying of plants (Faujdar and Oswalt, 1992). It rarely causes aspergillosis, but when exposed to 

large doses of spores,  serious lung infections, especially in immune compromised people, can 
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occur (Samson et al., 2002). A. niger has always been important for biotechnology applications; 

for example, it’s been used for synthesis of industrially valuable products like citric acid, or 

gluconic acid (Bennett, 2010). Owing to their ability to secrete high amounts of valuable 

extracellular enzymes used in fermentation industries, it has also been utilized as a host cell for 

recombinant protein production (Wang et al., 2005). However, Aspergillus niger is also known 

for its ability  to produce ochratoxin (Abarca et al., 1994), which is considered a potent 

carcinogen in rats (Mantle et al., 2005). 

A. flavus  and A. parasiticus are the most commonly seen opportunistic pathogen of crops 

and occur regularly in all-inclusive food supplies but are especially seen in oil-rich seeds (Diener 

et al., 1987) like peanuts. These species have attracted worldwide attention due to their potential 

to produce one of the most potent mycotoxins, namely aflatoxin (Murphy et al., 2006).  

There are two different morphotypes of A. flavus. The typical L strain forms sclerotia 

>400 µm in diameter and produces only B aflatoxins and cyclopiazonic acid; but production 

level varies widely, so that strains may appear as non-toxigenic compared to extremely potent 

ones. On the other hand, A. parasiticus, which can synthesize both B and G aflatoxins (but not 

cyclopiazonic acid), is commonly found in the form of aflatoxigenic strains. The S strain of A. 

flavus has many small sclerotia <400 µm in diameter and may produce both B and G aflatoxins 

(Horn, 2003). In peanuts, A. flavus is the causative agent of “aflaroot,” a seedling disease. In this 

disease, seeds are covered with yellow or greenish spores and begin to dry up. Other symptoms 

include necrotic lesions on cotyledons and reduced development in seedlings and leaves (Faujdar 

and Oswalt, 1992). A. flavus is a fast growing species when the conditions are favorable. Unlike 

A. parasiticus, A. flavus favors hot dry environments having optimum temperature for growth at 

37oC and water activity at 0.95, but still can grow in wider ranges of temperature and water 
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activities, indicating the so called “competitive saprophytic ability” of A. flavus. Alternatively, A. 

parasiticus prefers lower temperatures to colonize the peanuts (20-22oC), which is probably the 

reason of high incidence of A. parasiticus in peanut fields. Apart from temperature, the aflatoxin 

contamination amount was shown to be related with the latitude, where increase in latitude is 

associated with lower aflatoxigenic A. flavus populations (Horn, 2003).  

Other species in section Flavi and A. niger have also been reported to have a competitive 

advantage as a soil-inhabiting saprophytes, because of their ability to grow in wide range of 

environmental variables (Horn, 2005). Other fungal species can only be seen when soil densities 

of section Flavi and Nigri are very low. Within the section, the colonization rate basically 

depends on density of species in section Flavi and other competing species. Seed colonization 

increases when the initial load is high in soil and colonization rate can be characterized as an 

exponential function (Horn, 2006).  Other Flavi species in peanut that have been reported are A. 

caelatus (Horn, 1997) and A. tamari (Horn et al., 1996), which are not aflatoxin producers; but 

A. tamari produces cyclopiazonic acid.  A. alliaceus, which have recently been placed in section 

Flavi (Peterson, 2008) has also been reported as being an ochratoxin A producer (Bayman et al., 

2002b) and may colonize on peanut seeds depending on the environmental conditions of the field 

(Horn, 2005).  

Peanut seeds are preferentially colonized by section Flavi, and the secondary toxic 

metabolites that they may produce have shown extensive negative effects like economic losses 

from spoiled agricultural commodities and public health outcomes due to high potential of 

exposure to either fungus or its toxic metabolites (Horn, 2006; Murphy et al., 2006). The 

Aspergillus species used in this study and their mycotoxins were illustrated in Table 2.1. 
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Table 2.1: Selected species comprised in section Flavi and mycotoxins, if any, produced by 

souce fungi 

Species Mycotoxins produced Reference 

A. flavus Aflatoxin (B, G, M), 
Cyclopiazonic acid 

(Horn et al., 1996) 

A. parasiticus Aflatoxin (B, G, M) (Dorner et al., 1984; Horn et al., 
1996) 

A. caelatus - (Horn, 1997) 
A. alliaceus Ochratoxin A (Bayman et al., 2002a) 
A. tamari/ Aspergillus 
pseudotamarii 

Cyclopiazonic 
acid/ Aflatoxin B1 

(Horn et al., 1996); (Ito et al., 2001) 

A. niger Ochratoxin A (Abarca et al., 1994) 

 

2.2 Aflatoxins  

Mycotoxins are defined as: “fungal metabolites which when ingested, inhaled or 

absorbed through the skin cause lowered performance, sickness or death in man or animals” (Pitt 

and Miscamble, 1995). Of the thousand existing mycotoxins, some 300–400 are now recognized, 

and among them, aflatoxin is the most studied and potent mycotoxins in agricultural 

commodities (Paterson, 2006; Sinha, 1998). Actually, most of the Aspergillus species that 

produce aflatoxins are from section Flavi (Horn, 2003), yet other Aspergillus species from 

sections Ochraceorosei and Nidulantes were reported (Frisvad et al., 2005) as aflatoxin 

producers. 

2.2.1 Chemistry of Aflatoxin  

There are four major aflatoxins called AFB1, AFB2, AFG1, and AFG2 (Figure 2.2).  B 

refers to blue color of the fluorescence under ultraviolet light and G is for the green color. 

Numbers represent the relative chromatographic migration distance on thin-layer 
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chromatography (TLC)). There are many other aflatoxins, but AFB1 is the most potent natural 

carcinogen known and is usually the major aflatoxin produced by toxigenic strains (Klich, 2007).  

 

Figure 2.2: Chemical structures of aflatoxins AFB1,AFB2, AFG1, and AFG2. Adapted from 

(Williams et al., 2004). 

The AFB1 molecule has a unique bisfuran ring (heterocyclic ring of four carbon atom and 

one oxygen atom) structure fused to a substituted coumarin moiety (a toxic white crystalline 

lactone C9H6O2). The molecular formula of AFB1 is C17H12O6 (Pavao et al., 1995). The lactonic 

ring of AFB1 was suggested to be responsible for carcinogenic properties of the molecule. 

Hydrolysis of the lactone ring results in loss of fluorescence properties (Nicolás-Vázquez et al., 

2010). The molecular structures of AFB2, AFGl and AFG2 closely resemble that of AFB1. AFB2 

(C17H14O6) is the reduction product of AFB1 after the absorption of 1 mole of hydrogen (Pavao et 

al., 1995). G series also have the bisfuran ring system. Differently, AFG1 contains two lactone 

rings (additional δ-lactone ring replaces the cyclopentanone ring in AFB1-see Figure 2.2). The 



15 
 

chemical formula of AFG1 is C17H12O7. AFG2 is derived from AFG1 by hydrogenation 

(C17H14O7) (Heathcote and Hibbert, 1978).  

2.2.2 Some Outbreaks Associated with Aflatoxin  

Aflatoxins have probably been with humans from time immemorial, but have become 

more prominent due to an incidence of the turkey X disease that occurred in early 1960’s 

(Spensley, 1963); it was the causative agent, which resulted in the death of thousands of turkey  

ducklings, and chicks fed by contaminated peanut meal (Groopman et al., 2008). In the following 

years another outbreak, associated with the consumption of maize contaminated heavily with 

Aspergillus flavus, occurred in parts of Western India, and resulted in at least 97 fatalities 

(Krishnamachari et al., 1975). In October 1988, 13 Chinese children died of acute hepatic 

encephalopathy in the northwestern state of Perak in peninsular Malaysia.  

 
The incident occurred due to the consumption of aflatoxin-contaminated noodles (Lye et 

al., 1995). Among the many other outbreaks connected to aflatoxin digestion, the biggest 

aflatoxicosis outbreak occurred in rural Kenya, resulting in 317 cases and 125 deaths. Aflatoxin-

contaminated homegrown maize was the source of the outbreak, but the extent of regional 

contamination and status of maize in commercial markets (market maize) are unknown (Lewis et 

al., 2005). 

2.2.3 Aflatoxicosis  

The International Agency for Research on Cancer (IARC) lists naturally occurring 

combinations of aflatoxins as Group I carcinogens (IARC, 1993). The differences in 

susceptibility to aflatoxin between persons depend largely on the fraction of the dose that is 



16 
 

directed into the various possible pathways, as a result of formation of epoxide and the reaction 

of the epoxide with proteins and DNA (Figure 2.3 adapted from (Williams et al., 2004)). For 

example, exposure to large doses (>6000 mg) of aflatoxin was reported to cause acute toxicity 

with adverse consequences, even death whereas exposure to small doses for extended time 

periods is carcinogenic (Wagacha and Muthomi, 2008). When digested through diet, AFB1 is 

metabolized by the liver through the activity of cytochrome P450 enzyme system and turns into 

the major carcinogenic epoxide intermediate, namely AFB1-8,9-epoxide(Baertschi et al., 1988).  

The reaction of the epoxide with DNA in the liver is generally thought as the initial step for 

tumor formation and has been previously reviewed (Choy, 1993). There is a strong correlation 

with aflatoxin plus hepatitis B virus (HBV) and hepatitis C virus (HCV) for liver cancer. For 

instance, the risk of cancer increases 10 times in patients carrying the hepatitis virus who are 

exposed to aflatoxin. Similarly, aflatoxin becomes 30 times more potent for hepatitis patients 

(Williams et al., 2004). The epoxide-protein adduct formation in case of exposure to large doses 

of aflatoxin may result in poisoning, acute illnesses or even death. The lethal dose is subjective 

to persons according to their abilities to detoxify aflatoxin by biochemical processes, age and 

gender. The toxicity of aflatoxin also varies according to many nutritional factors (e.g., recovery 

from protein malnutrition is delayed by exposure to aflatoxin). As well, some studies showed the 

accelerated progress rate in infectious diseases like HIV, as a consequence of the aflatoxin-

induced immune suppression (Williams et al., 2004). 

2.2.4 Food Safety and Regulations of Aflatoxins 

Concerns about human health emerge when grains and other field crops are found to 

contain unsafe chemicals, additives, or other contaminants. Many countries have established 

sanitary regulations to protect consumers from these health risks, while seeking to balance health 
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benefits with the potential trade disruptions, economic losses, and market uncertainties that those 

regulations can cause (Dohlman, 2004b).  

 

 

Figure 2.3: Biotransformation pathways and consequences for AFB1. Adapted from (Williams et 

al., 2004). 

Regulations on aflatoxins have been established in many countries to protect the 

consumer from the harmful effects. The number of countries regulating aflatoxins has 

significantly increased over the years and on a worldwide basis. At least 98 countries had 

mycotoxin regulations for food and/or feed in 2002 (van Egmond and Jonker, 2004). The United 

States began regulating the concentration of aflatoxins in food and feed in 1968. FDA set an 

action level for aflatoxins at 20 ppb for all foods and 300 ppb in feed (USFDA, 2009). The 

European Union has promulgated up to ten fold lower standards for aflatoxin content in foods (2 
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ppb for aflatoxin AFB1 and 4ppb for total aflatoxins in groundnuts, nuts, dried fruits and cereals 

(Gilbert and Anklam, 2002).  

Table 2.2: European Union regulations for aflatoxin in food and feed (FAO, 2003). 

European Union Maximum levels (ppb) 

FOOD AFB1 Total AF  FEED AFB1 

groundnuts to be subjected 
to sorting, or other physical 
treatment, before human 
consumption or use as an 
ingredient in foodstuffs 

8 
 

15  all feed materials 
 

20 

 complete feeding stuffs 
for dairy animals 
 

5 

groundnuts, nuts and dried 
fruit and processed 
products thereof, intended 
for direct human 
consumption or as an 
ingredient in foodstuffs 

2 4   
complete feeding stuffs 
for calves and Lambs 
 

10 

 

Table 2.3: Regulations for aflatoxin in food and feed in The United States (USFDA, 2009) 

The United States Maximum levels 
(ppb) 

Peanut products intended for finishing (i.e., feedlot) beef cattle 300 

Peanut products intended for finishing swine of 100 pounds or 
greater 

200 

Peanut products intended for breeding beef cattle, breeding 
swine, or mature poultry 

100 

Peanut products, intended for immature animals 20 

Peanut products intended for dairy animals, for animal species 
or uses not specified above, or when the intended use is not 
known 

20 

All products except milk designed for human  20 

 

Many other governmental agencies around the world have established regulatory 

guidelines for aflatoxin and other mycotoxins but the tolerance level for safe food commodities 

varies widely. For example, Uganda’s National Bureau of Standards has an official limit of 10 
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ppb, while this limit is set to 20ppb in Kenya. However, in some of the developing African 

countries, it was reported that the limiting action levels are poorly enforced, depending on the 

lack of access to research showing the extent of the exposure of the population to aflatoxins 

(Kaaya et al., 2006). The aflatoxin regulatory levels for food and feed are summarized in Table 

2.2 and Table 2.3 for European Union and The United States, respectively. 

2.2.5 Economic Aspects 

Mycotoxins also attract world-wide attention as a consequence of the significant 

economic losses associated with their impact on human health, animal productivity and both 

domestic and international trade. The Food and Agricultural Organization of the United Nations 

(FAO) has estimated that up to 25% of the world's food crops are significantly contaminated 

with mycotoxins (WHO, 1999).  

The economic losses associated with mycotoxin contamination are difficult to assess, and 

no comprehensive analysis of the costs to U.S. and foreign crop/livestock producers is available. 

However, it is estimated that crop losses (to corn, wheat, and peanuts) from mycotoxin 

contamination in the United States amount to $932 million annually, in addition to losses 

averaging $466 million annually from regulatory enforcement, testing, and other quality control 

measures (Dohlman, 2004b). Additionally, annual cost of aflatoxin to farmers of southeast U.S. 

peanut industry was reported as $25 million (Lamb and Sternitzke, 2001). The total cost of 

aflatoxin contamination in all extents is hard to assess as considering the reduction in crop yields, 

livestock productivity and both domestic and international trade may reveal the fearsome fact 

about the aflatoxin and fungal attack on crops (Murphy et al., 2006).  
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2.2.6 Peanut Aflatoxins and East-African Perspective 

Arachis hypogaea, are commonly known as peanut, groundnut, monkey nut, goober, or 

earth nut because the seed develops underground (Caballero, 2003). The peanut was originally 

cultivated in South America; and from there moved to Spain by explorers. Later, it was 

introduced to Africa and Asia by explorers and traders. In Africa, the peanut adapted to 

convenient African tropical climate so well that people think it was a native crop. It was during 

the colonial times when the peanut was taken to the southeastern United States by slaves (Smith, 

1995). Currently, according to the FAO, in 2010 nearly 24 million hectares are planted in 

groundnuts worldwide, and approximately 25% of the world production is from Africa (Table 

2.4). The United States comes fourth after China, India and Nigeria in peanut production 

capacity according to the 2010 FAO statistical values (FAOSTAT, 2012). 

The composition of peanuts is greatly affected by variety, environment, and maturity; 

but, peanuts are a good source of protein and lipids having an average composition of 21.0-

36.4% and 35.8-54.2%, respectively (Caballero, 2003). The cultivated groundnut is, also, the 

most important oilseed in the developing countries and it is a valuable source of protein for a 

vast majority of the population unable to afford animal protein on a regular basis (Kaaya et al., 

2006).  The characteristic climatic conditions for peanut production points out the tropical and 

semi-arid tropical regions; in other words high temperature and low rainfall favor the growth of 

peanuts. The optimum temperature for vegetative growth and photosynthesis is given between 30 

and 35 oC while the reproductive growth is more sensitive to high air temperatures and optimum 

value ranges between 22 and 24oC (Cox, 1979; Williams and Boote, 1995).  

The peanut is one of the most vulnerable crops to Aspergillus spp.  contamination (Kaaya 

et al., 2006). Drought stress and elevated soil temperature increase the A. flavus and/or A. 
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parasiticus invasion incidence in peanuts; while irrigation, especially through the end of the 

growing season, decreases the possibility of fungal attack (Sanders et al., 1981). It was shown 

that Aspergillus species in section Flavi and Nigri have a competitive advantage over other fungi 

as they can colonize the peanut seed over wide ranges of water activity and temperatures. A. 

parasiticus invasion is reported to colonize at lower temperatures compared to A. flavus, which 

explains the higher rate of A. parasiticus incidence in peanuts (Horn, 2005). Kaaya et. al. (2006), 

has reported at least 60% of the peanuts sampled had detectable levels of aflatoxins at farm level 

and these levels tend to increase (exceeding FDA/WHO regulatory limit of 20 ppb) when 

samples are gathered from wholesalers and retailers in Uganda (Kaaya et al., 2006).   

According to a similar study conducted in western Kenya, 7.54% of the peanut samples 

collected from major production regions exceeded Kenya's regulatory limit of 20 ppb, with a 

aflatoxin level reaches up to 7525 ppb (Mutegi et al., 2009). These findings confirm the reality 

that East African inhabitants are experiencing a heavy dietary exposure to food-borne 

mycotoxins particularly aflatoxins; and these results uphold the hypothesis of strong association 

between the high incidence of liver cancer in Africa and dietary intake of aflatoxins (Wagacha 

and Muthomi, 2008). 

Apart from the health consequences, loosing crops due to aflatoxin contamination plays 

an important role on the economic situation in developing East African countries. FAO statistics 

have revealed that the production capacity in Uganda is almost 12 times less than the USA, while 

reported harvested areas of groundnuts is only half of that in the USA (Table 2.4); and according 

to the Uganda Bureau of Statistics (UBOS), the total exportation volume of ground nuts was 30 

tons which was 17500 tons in the USA in 2008 (UBOS, 2012). Apparently, aflatoxin has a great 

effect on the economy of developing African countries as it may result in significant cuts in 
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future export incomes as the moldy peanuts are refused if the legislative limit is passed. Besides, 

contamination is not easily prevented without significant investment in production, drying, and 

storage facilities (Williams et al., 2004). For example, in developed countries having abundant 

food supplies, diversion of contaminated food for other uses (e.g. as feed when the 

contamination level is within the action limits set by FDA) is an usual practice while turning 

contaminated foods away from human consumption tends to be low in developing countries 

(Cardwell and Henry, 2004). In fact, moldy food is considered illegal and therefore unacceptable 

in commerce, with food legislation (Kaaya et al., 2006). However, in developing countries and in 

poor, rural agricultural communities, lack of food sources has forced people to consume any 

material that can be used as food even if molds have changed its organoleptic quality.  

Table 2.4: Estimated value of the supply utilization accounts data of groundnuts, with shell, 

from Food and Agriculture Organization of the United Nations (FAO) in 2009 (FAOSTAT, 

2012) 

 World The United States 
of America 

Africa Uganda Kenya 

Area Harvested 
(thousand hectares) 

23910 437 11038 253 21 

Yield 
(hectogram/hectare) 

15308 38348 9316 7312 10394 

Production Quantity 
thousand tones) 

36601 1675 10283 185 21 

Import Quantity 
thousand tones) 

250 0.086 8.3 0.046 1.039 

Export Quantity 
(thousand tones) 

188 28 25 0.012 0 

Thus, there is a vicious circle: as the economic losses increase, the investments necessary 

for agricultural recovery decrease and the occurrence of fungal infection in peanuts so does the 

aflatoxicosis incidence among the community increases and this results in more economical 

burden. This dramatic scene points out the urgent need for technologies that will provide 
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opportunities to evaluate peanuts and peanut products non-destructively in order to distinguish 

the clean peanuts from contaminated ones in an automated and rapid way. 

2.3 Methods used for determination of aflatoxin level in crops 

Methods for assessing the toxicity of fungal-contaminated crops are numerous and vary 

as the compounds produced. Difficulties encountered in sample preparation including the 

isolation of mycotoxin of interest from biological matrices make most of the current analytical 

methods laborious, slow, complex and expensive (Tripathi and Mishra, 2009). Presumptive 

aflatoxin detection can be performed with thin-layer chromatography but this method requires a 

reference method for confirmation and has been only tested at high aflatoxin levels (Gilbert and 

Anklam, 2002). More recently, high-pressure liquid chromatography (using column 

chromatography, multifunctional columns, solid phase extraction or immunoaffinity columns) 

has been popular as it provides better reproducibility and selectivity and the detection limit can 

go down to 0.08 ppb (Gilbert and Anklam, 2002).  

In some cases, fast and accurate screening methods based on enzyme-linked 

immunosorbent assay (ELISA) were applied instead of the more labor intensive and time 

consuming liquid chromatography methods. The ELISA test has an advantage of not requiring 

any clean-up step and offers easier operation. It is also portable for use in the field for the 

detection of mycotoxins in foods and feeds applications. Additionally, compared to labor 

excessive HPLC and MS methods, ELISA techniques do not require skilled technical staff 

(Krska et al., 2008; Zheng et al., 2006). As a disadvantage, it is dependent on the individual 

matrices of interest (Krska et al., 2008). Additionally quantitatively misleading results were 
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reported. Owing to the posible interaction of antibodies to chemically similar substances in the 

food matrix to aflatoxin, false posive results may be observed (Lee et al., 2004) 

Still, all of the current methods developed for fungal contamination detection require 

sample preparation and trained labor.  None of them are amenable to rapid and simple 

automation.  

Optical methods for detecting and separating seeds severely contaminated by fungi have 

been widely studied, mainly focusing on changes (differences or ratios) in spectral characteristics 

of fluorescence (Farsaie, 1977; McClure and Farsaie, 1980; Tyson and Clark, 1974), 

transmittance, and reflectance in the visible and near infrared regions (Hirano et al., 1998; 

Pearson et al., 2001; Pearson et al., 2004). Visual observations based on the exhibition of bright, 

greenish-yellow (BGY) fluorescence under UV light (Shotwell and Hesseltine, 1981) was one of 

the earliest presumptive aflatoxin detection tests in seed lots, which is not a good indicator when 

the infection is not on the surface (Pasikatan and Dowell, 2001). As an alternative, nuclear 

magnetic resonance (NMR) scans can be used, but it is expensive and analysis takes a long time. 

It is also known that aflatoxin distribution in a contaminated lot may not be even and is usually 

concentrated on one seed out of thousands of them. For example, aflatoxin is found in < 0.1% of 

the shelled peanuts, but the contamination level on a single kernel may be as high as 1,000,000 

ppb (Hirano et al., 1998; Pasikatan and Dowell, 2001).  

The use of the spectral characteristics based on transmittance or reflectance evaluation of 

two-wavelength classification models as a means of identifying fungal infection have been 

proposed (Hirano et al., 1998; Pearson et al., 2004). Hirano et. al. (1998) reported a sorting 

system using the transmittance ratio (T700/T1100nm) by near infrared (NIR) spectra of 
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individual peanuts to detect internally moldy ones.  The sorter based on the NIR technology 

successfully reduced the aflatoxin level to 4-18% of the levels before sorting by rejecting only 

5% of the total lot (Hirano et al., 1998). Similarly, Pearson et al., (2001) has used reflectance 

spectra at R735/R1005 nm with transmittance spectra at T710/T760nm and T615/T645nm for 

detecting aflatoxin contamination in single corn kernels as low (<10 ppb) or high (>100 ppb) 

levels with more than 95% correct classification (Pearson et al., 2001). In a more recent study of 

the same group, spectral absorbance at 750 and 1,200 nm were used to distinguish aflatoxin 

contamination from kernels with more than 98% accuracy.  The high speed sorter based on these 

two spectral bands reduced the aflatoxin level 82% and 38% of corn samples with an initial level 

of aflatoxin at >10 ppb and <10 ppb, respectively, with 5% rejection of total analyzed grains 

(Pearson et al., 2004). 

NIR spectroscopy has been widely used for non-destructive quality classification of a 

broad range of foods and has many applications in industry such as the malting and brewing 

industry for process control purposes (Guillen and Cabo, 1997b).  The near-infrared region is for 

overtones, in other words, to see relatively weak and broad overtone or combination bands of 

fundamental stretching bands which occur in the range of 14000-4000cm-1, thence, well-resolved 

bands are very rarely obtained and cannot normally be assigned to a specific chemical entity. On 

the other hand, in the mid-infrared region (4000-400cm-1), absorption frequencies can be 

assigned to a particular deformation of the molecule which consequently can be used as useful 

tool for analysis of functional groups and their contribution to the total structural elucidation of 

the molecules studied (Guillen and Cabo, 1997b).   
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2.4 Fourier Transform Infrared Spectroscopy 

2.4.1 Infrared Radiation 

Infrared radiation refers to the region in the electromagnetic spectrum, the part between 

visible light and microwave radiation. Far-infrared has low energy, is in the 700-200 cm-1 region, 

and can be utilized for molecular rotation. The infrared region ranging between 10000 and 100 

cm-1 can be absorbed by the sample molecule and result in molecular vibrations. Vibrational 

spectra, different than rotational spectra, appear as bands in the spectrum.  The mid-infrared 

portion is used to study modes of rotation and vibrations. The near infrared radiation (14,000-

4000cm-1) consists of overtone vibrations (Silverstein et al., 2005). 

2.4.2 Modes of Vibration 

The modes of vibrations associate with the changes in the molecular dipoles. For single 

bond, diatomic molecule, there is only one possible vibration, which corresponds to stretching 

mode. For polyatomic molecules, the number of vibrational modes can be calculated as 3N-6 for 

non-linear molecules and 3N-5 for linear molecules, where N is the number of atoms contained. 

Vibrations might be either as stretching or bending of the bonds, in plane (symmetrical) or out of 

plane (asymmetrical). There are various in-plane or out of plane bending vibrations contributing 

the infrared spectra (Figure 2.4). In order to be able to see absorption in spectra, oscillations 

should cause a change in dipole momentum of the molecule. Intensity consequently increases as 

the change in dipole momentum gets larger (Stuart, 2004). Infrared inactive vibrations occur 

when there is a central symmetry, thus no dipole moment, like in a CH4 molecule. 
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Figure 2.4: Different types of vibration modes. Adapted from (Schlick, 2010). 

2.4.3 FTIR Analysis 

Fourier transform spectroscopy measures the characteristic absorption bands produced 

via the vibrations that occurs as infrared radiation passes through the sample at frequencies 

associated with the mid-infrared region of electromagnetic spectrum (Irudayaraj et al., 2001). 

FTIR became available by the invention of Michelson interferometer, which combines two 

perpendicular mirrors, one of which is moving while the other one is stationary (Figure 2.5). A 

semitransparent beam-splitter splits the IR light into two, one goes to the moving mirror which is 

reflected back and recombined at the beam splitter with the beam reflected from stationary 

mirror. The alignment of the moving mirror creates a difference in pathlength to create an 

interferogram. This recombined beam later passes through the sample and is then detected by a 

detector (Figure 2.5) (Sun, 2008). 
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Fourier Transformation is a mathematical a method which is applied to interferogram to 

convert it into spectrum of intensity against frequency (Stuart, 2004). The infrared radiation after 

deflecting off the beam splitter passes through the sample where some radiation is absorbed, and 

the amount reaching the detector decreases. The same is collected without a sample to serve as a 

background interferogram. Data transformed by Fourier a transformation algorithm forms a 

single beam of sample which is later divided to background single beam to find out  the 

transmission spectrum, which reflects the change in intensity with respect to frequency or 

wavenumbers (Thermo Fisher).The stronger the absorption, the larger the bands in the spectrum. 

Another factor affecting the intensity is the number of the bonds present in the molecule.  

 

 

Figure 2.5: Schematic of Michelson Interferometer. Adapted from (Sun, 2008). 

2.4.4 Sampling Techniques 

Traditionally, dispersive instruments have been used to obtain infrared spectra. FTIR 

makes use of the entire source spectrum, in which all wavelengths are recorded simultaneously 

rather than covering the individual wavelengths generated by grating and/or prism systems used 

in dispersive spectroscopy and many scans can be averaged in the time a single spectrum has 
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been taken with a dispersive spectrometer (Guillen and Cabo, 1997b; Reh, 2001; Stuart, 2004). 

In the light of the FTIR spectroscopy, many techniques have been developed for the study of 

mold infestation on crops. As an alternative, the oldest and most straightforward transmission 

methods, reflectance techniques have been preferred for samples having complex structures like 

food matrices. In reflectance, the beam reflected back from the sample is measured and 

according to the type of the reflectance, either from cell in contact with sample or directly from 

the sample, can be classified  into two groups: internal or external reflectance measurements 

(Stuart, 2004; Sun, 2008). 

2.4.4.1 Attenuated Total Reflectance 

Attenuated Total Reflection (ATR) has been very popular as the technique provides a fast 

and simple sampling method. It is available for analysis of a wide range of sample types and 

physical state or morphology of the sample is not a problem. In this method radiation is not 

transmitted through the sample; but the totally reflected infrared beam comes in contact with a 

sample (Figure 2.6). Thus the thickness of the absorbing samples is not important as it is in 

transmission radiation, as long as full surface contact between sample and crystal of sensing 

element is provided.  

 

Figure 2.6: Infrared radiation path through multi-bounce ATR accessory (ThermoFisher) 

ATR uses the theory of total internal reflectance, which happens when radiation passes 

through two mediums’ boundaries at an angle greater or equal to the critical angle. If n1 and n2 
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are the reflective indices of two transparent mediums, the reflection of radiation can be described 

by Snell’s law: 

������� = 	 ������� 

where θ1 and θ2 are the angle of refraction with respect to normal to the interface. When the 

radiation beam travels from the medium with higher refractive indices (n1) to the medium with 

smaller indices (n2) the angle of incidence will be larger (θ1< θ2) and when θ1 reaches the critical 

value (θC), θ2becomes 90o. Any larger angle of incidence, θ1, than θC will result in internal 

reflection with an angle of reflection equal to θ1 (Griffiths et al., 2007).  

In ATR accessorize, the infrared radiation will be reflected through optically dense 

crystal while interacting with the sample and absorbance information will be collected while 

radiation penetrates only a short distance into the sample. This explains why ATR is the 

preferable method for thick and strongly absorbing materials (Thermo Fisher). 

2.4.4.2 Diffuse Reflectance 

In external reflectance, the radiation reflected from a sample surface is measured. In the 

diffuse reflectance infrared technique (DRS) the infrared light is directed onto a sample cup 

including sample mixed with KBr and the reflected light is collected by a mirror and measured 

by the detector (Reh, 2001). Pure KBr spectrum serves as the background. In this method, 

particle size heavily influences spectral intensity (Sun, 2008).  

2.4.4.3 Specular Reflectance 

Another type of reflectance technique is the specular reflectance, in which the mirrors 

direct the light onto sample and the reflected IR beam is directed to the detector by another 

mirror. Background is collected against gold reflective surface. Even it is a very simple method 
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as it requires a smooth surface of sample, which makes it a preferable method in polymer science 

(Sun, 2008). 

2.4.4.4 Photoacoustic Spectroscopy 

Photoacoustic spectroscopy (PAS) is based on the transfer of modulated infrared 

radiation to a mechanical vibration. In this technique sample is placed into a sample cup which is 

filled with helium or air. When the modulated infrared radiation is absorbed by a sample, the 

substance heats and cools in response to the radiation. In response, helium absorbs heat and 

expands, creating pressure waves. The sound of pressure waves are converted into electric signal 

using a microphone (Figure 2.7). Carbon black is used as background. This technique is suitable 

for all phases of samples and it is a non-invasive technique. Photoacoustic spectroscopy is useful 

because the detected signal is proportional to the sample concentration and can be used with very 

black or highly absorbing samples (Stuart et al., 1996; Sun, 2008).  

 

Figure 2.7: Schematic illustration of working principle of Photoacoustic spectroscopy (PAS). 

Adapted from (Gordon et al., 1999). 
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2.4.5 Applications of FTIR in the studies of fungus infection on crops 

The combination of the reflectance methods with FTIR has been proposed for the 

Fusarium and/or Aspergillus contamination detection in corn kernels in several studies. Two 

such combinations with FTIR, namely PAS and DRS, have been used for their potential to 

identify the Fusarium moniliforme or Aspergillus flavus infection in corn kernels (Greene et al., 

1992). Preliminary studies indicated that corn samples contaminated at 3% level (dry weight 

basis) with F. moniliforme had distinguishable spectra when compositional changes of different 

varieties were considered. They summarized that PAS was a more sensitive technique than DRS 

because of the surface-profiling signal detection ability (Greene et al., 1992). Gordon et al. 

(1997) applied FTIR-PAS technique for the differentiation of infected (BGY+) corn with 

Aspergillus flavus from uninfected (BGY-) ones, relying on the fluorescence property of 

aflatoxin as a reference method and according to the multi-feature classification scheme based on 

ten photoacoustic spectral features representing the major chemical changes in the infected corn 

kernel, all twenty of the corn samples were classified correctly (Gordon et al., 1997). In the 

following years, the same research group predicted an 85% or 95% success rate in distinguishing 

infected corm with Aspergillus flavus by using transient infrared spectroscopy (TIRS) which 

works by heating or cooling the surface of a corn kernel to create a thin surface layer to collect 

infrared spectra as transitory radiation. Four unique infrared spectral features which identified 

infected corn in FTIR-PAS were also found to be diagnostic in TIRS (Gordon et al., 1999). This 

technology has a promise as a presumptive test for Aspergillus contamination; however 

application of the method is limited to Aspergillus flavus detection, does not explain the aflatoxin 

level quantitatively. In more recent studies of Kos et al. (2002, 2003), application of mid-infrared 

spectroscopy with ATR for determination of fungal infection with Fusarium graminearum on 
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corn has been illustrated (Kos et al., 2002, 2003). Researchers placed the dried and centrifugally 

milled samples on a horizontally mounted diamond crystal. The most critical parameter for ATR 

technique is the contact area between the sample and the crystal; hence, the samples were 

pressed onto the ATR crystal with a pressure applicator with reproducible pressure. The 

fingerprint area (1800-800 cm-1) was analyzed with principal component analysis (PCA) and at 

least 75% of the samples were correctly classified. In the case of solid powdered products the 

particle size distribution is the main product characteristic (Reh, 2001). This explains why 

homogeneous particle size distribution can increase reproducibility, and thus the percentage of 

correctly classified samples. Therefore, it was reported that repeatability of spectra changed 

dramatically with respect to the particle size dispersion after sieving the ground kernels (Kos et 

al., 2003) and particle size, itself (Kos et al., 2007); and 100% correct classification was obtained 

(Kos et al., 2007).  

The only study reporting a FTIR-ATR based method for aflatoxin contamination in 

groundnuts has been reported recently (Mirghani et al., 2001). In this study, aflatoxin-spiked (in 

the range of 0-1200 ppb) peanut paste samples were analyzed for four major aflatoxins, 

AFB1,AFB2, AFG1, and AFG2; and calibration models were developed using the subtracted 

spectra from solvent spectra. Spectral regions used for partial least square regression were 

selected from regions that correlates with the features of interest and calibration models with 

coefficients of determination values (R2) of 0.9911, 0.9859, 0.9986, and 0.9789 for aflatoxins 

AFB1,AFB2, AFG1, and AFG2, respectively, were found. In this study researchers used solvent-

extract of ground peanut cake after the cleanup step rather than the contaminated peanut, itself 

(Mirghani et al., 2001). However, researchers from Shaheed Beheshti University, objected their 

findings and speculated that the spectra reported by Mirghani et al. (2001) lacks of the expected 
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characteristic absorption bands related to the stretching and/or bending vibrations of aflatoxin 

and the presented spectra may belong to the acetone, which was a standard cleaning method for 

the ATR crystal (Shamsaie et al., 2004). 

CONCLUSION 

Fungal contamination is one of the most common challenges in peanut industry. Even the 

influencing factors for aflatoxin synthesis pathway of source fungi are still being studied. The 

pre- and post-harvest measures are well understood to reduce or eliminate the aflatoxin 

insidence. It is impossible to completely remove every instance of aflatoxins by any kind of 

measure, yet successful reductions in aflatoxin levels can be obtained by implementing adequate 

detection methods. Vibrational spectroscopy found its esteem as it offers a reliable, fast, and 

non-destructive evaluation opportunity of agricultural products. An advanced but simple form of 

FTIR spectroscopy has been recognized as a versatile quantification and qualification tool for the 

investigation and detection of fungus incidence in many agriculturally valuable crops. As one of 

these crops, peanuts deserve more attention since they are one of the most vulnerable crops to 

fungal attack. Peanut contamination, itself, costs millions of dollars just in the United States, 

though the scene is more dramatic in developing countries where economies mostly rely on 

agriculture. The current study mainly focuses on the development of such a refined method to 

detect and separate contaminated peanuts either with aflatoxin or Aspergillus spp. 
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ABSTRACT 

Aflatoxins are fungal bio-agents that merit attention on account of being highly toxic and 

carcinogenic to humans and great threat to vulnerable agricultural commodities such as peanuts. 

Thus, a deduction method to evaluate aflatoxin contamination is necessary. A detection and 

quantification method for the aflatoxin content in peanuts by rapid and non-destructive 

assessment of Fourier Transform Infrared Spectroscopy (FTIR) equipped with Attenuated Total 

Reflectance (ATR) accessory was developed.  FTIR-ATR spectral data of peanut paste samples 

contaminated at varying levels of aflatoxin were preprocessed (mean-centering, smoothing the 1st 

derivative), and normalized with logarithmic method and used for the partial least square (PLS) 

regression analysis for training/prediction sample sets created by spiking known amount of 

aflatoxins with clean peanut paste. After data manipulation, PLS approaches were tested for the 

full and reduced spectra by using “leave one out” cross-validation method. Major peaks 

representing the structural vibrations of peanut were selected and results were ranked to 

determine spectral features describing the minor contributions of aflatoxin molecules in bulk 

peanut paste medium. The highest correlation coefficient of determination (R2C) and the lowest 

root mean-squared error of calibration (RMSEC) and cross validation (RMSECV) were 

determined as 99.42%, 4.90 ppb and 22.45 ppb, respectively. Analyzing the data in the spectral 

regions 1584-1484 and 1424-1127 cm-1 has improved the prediction error (RMSEP = 12.84 ppb), 

but on the cost of lower R2C (97.01%). For moderate results, selected spectral regions (3028-

2752, 1800-1707, 1584-1424, and 1408-1127 cm-1) were considered and corresponding vibration 

modes and intensities were labeled.  

Keywords: FTIR-ATR; Peanut; Aflatoxin; PLS regression 
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INTRODUCTION 

Toxigenic fungi are ubiquitous in nature and can occur regularly in wide-ranging 

agricultural products. The secondary metabolites of those fungi, namely mycotoxins, possess a 

potential health hazard to populations exposed to high levels of aflatoxin, which is a common 

case in under-developed and developing countries. Among the thousands of existing mycotoxins, 

aflatoxin (Scheme 3.1), produced mainly by A. flavus and A. parasiticus, are the most studied 

and potent mycotoxins in agricultural commodities (Paterson, 2006; Pitt, 2000). It is known that 

aflatoxin exposure can produce both acute and chronic toxicities ranging from death to 

deleterious effects in humans and animals (Williams et al., 2004). Even being with humans from 

time immemorial, aflatoxins have been recognized some 40 years ago after the outbreak of 

turkey X disease (Groopman et al., 2008), and up to present, they have taken part in many other 

outbreaks that resulted in lots of fatalities (Krishnamachari et al., 1975; Lewis et al., 2005; Lye et 

al., 1995). For instance, in 1970s, hepatitis outbreak with a high mortality-rate happened in some 

parts of Western India and at least 97 fatalities were reported. Aspergillus flavus contaminated 

maize was the source of outbreak (Krishnamachari et al., 1975). A decade after, the northwestern 

state of Perak in Malaysia has experienced an outbreak associated with consumption of 

aflatoxin-contaminated noodles. The incidence resulted in dead of 13 Chinese in 1988 (Lye et 

al., 1995). In a more recent report in April 2004, one of the largest aflatoxicosis outbreaks 

occurred in rural Kenya, resulting in 317 cases and 125 deaths. Aflatoxin-contaminated 

homegrown maize was the source of the outbreak, but the extent of regional contamination and 

status of maize in commercial markets (market maize) were unknown (Lewis et al., 2005). 

Aflatoxin, as a known carcinogen (Group I carcinogen), has been a major concern of the 

governmental authorities around the world (IARC, 1993). Governmental and regulatory 



46 
 

organizations are being challenged to control aflatoxin contamination and protect consumer 

health. Additionally, the variability of commodities, that fungal infection can occur, makes the 

prospects for ongoing significant human aflatoxicosis more likely. Even it is hard to associate all 

the economic losses with mycotoxin contamination, it was estimated that $932 million annual 

loss from crops (corn, wheat and peanuts), plus losses averaging $466 million annually from 

quality control measures associated to mycotoxin presence in the United States (Dohlman, 

2004a). Health consequences plus the economic losses have alerted authorities in many countries 

and strict safety regulations on mycotoxin, especially on aflatoxin level have been established. 

Even there is still an argument on globally accepted action level, the number of countries 

regulating mycotoxins has significantly increased over the years and on a worldwide basis, at 

least 98 countries had mycotoxin regulations for food and/or feed in 2002 (van Egmond and 

Jonker, 2004). In the United States, FDA set an action level for aflatoxins at 20 ppb for all foods 

intended for use as human consumption and 300 ppb for aflatoxins in feed (FDA, 2012). The 

European Union has promulgated up to ten fold lower standards for aflatoxin content in foods (2 

ppb for aflatoxin AFB1 and 4 ppb for total aflatoxins in groundnuts, nuts, dried fruits and cereals 

(FAO, 2003)). So far, general approach to lower the level of aflatoxin in commodities, so as the 

health risks and economic losses allied to, has been to improve and adopt guidelines such as 

Good Agricultural Practices (GAPs) before harvest and good manufacturing practices (GMPs) 

after harvest (Dohlman, 2004a). However, it is known that aflatoxin contamination is not 

necessarily distributed evenly in a lot of crop, and contamination level on single kernel may be 

as high as 1,000,000 ppb (Pasikatan and Dowell, 2001); in other words, one contaminated seed 

may result in complete loss of the market value of the crop. Thus, detecting methods to track and 

decontaminate these bio-agents before spreading-out to the whole lot is very important.  
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Up to date, many methods for assessing the toxicity of fungal-contaminated crops have 

been revealed, because of the enforcement of these regulatory restrictions. However, difficulties 

encountered in sample preparation, including the isolation of aflatoxin from biological matrices 

make most of the current analytical methods laborious, slow, complex and expensive (Krska et 

al., 2008).None of the current aflatoxin analysis methods (thin-layer chromatography, high-

pressure liquid chromatography using column chromatography, multifunctional columns, solid 

phase extraction or immunoaffinity columns, and enzyme-linked immunosorbent assays) 

provides the requirements of being portable (making instrument applicable to field 

measurements), non-destructive (allowing conclusions for the sample as a whole), rapid (keeping 

the sample evaluation time at minimum), automated (handling large number of samples) and  

easy (not requiring  exhaustive labor training to operate) all together (Gilbert and Anklam, 2002; 

Kos et al., 2004; Krska et al., 2008). Besides all of these listed methods require trained labor, 

laboratory environment and use large quantities of toxic chemicals. 

Considering these requirements, recent researches have focused on optical methods for 

detecting and separating seeds severely contaminated by fungi. Sorters based on this technology 

have successfully been used to reduce the aflatoxin level under the levels set by regulators 

(Pasikatan and Dowell, 2001). Optical methods for detecting and separating seeds severely 

contaminated by fungi have been widely studied, mainly focusing on changes (differences or 

ratios) in spectral characteristics of fluorescence (Farsaie, 1977; McClure and Farsaie, 1980; 

Tyson, 1974), transmittance and reflectance in the visible and near infrared regions (Hirano et 

al., 1998; Pearson et al., 2001; Pearson et al., 2004). Visual observations based on exhibit of 

bright, greenish-yellow (BGY) fluorescence under UV light (Shotwell and Hesseltine, 1981) was 

one of earliest presumptive aflatoxin detection test in seed lots, which is not a good indicator 
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when the infection is not on the surface (Pasikatan and Dowell, 2001). As an alternative, nuclear 

magnetic resonance (NMR) scans can be used, but it is expensive and analysis takes up time. 

The use of the spectral characteristics based on transmittance or reflectance evaluation of 

two-wavelength classification models as a means of identifying fungal infection have been 

proposed (Hirano et al., 1998; Pearson et al., 2004). Hirano et. al. (1998) reported a sorting 

system using the transmittance ratio (T700/T1100 nm) by near infrared (NIR) spectra of 

individual peanuts to detect internally moldy ones and the sorter based on the NIR technology 

successfully reduced the aflatoxin level to 4-18% of the levels before sorting by rejecting only 

5% of the total lot (Hirano et al., 1998). Similarly, Pearson et al., (2001) has used reflectance 

spectra at R735/R1005 and transmittance spectra at T710/T760 and T615/T645 for detecting 

aflatoxin contamination in single corn kernels as low (<10 ppb) or high (>100 ppb) levels with 

more than 95% correct classification (Pearson et al., 2001). In a more recent study of the same 

group, spectral absorbance at 750 and 1,200 nm were used to distinguish aflatoxin contamination 

from kernels with more than 98% accuracy.  And the high speed sorter based on these two 

spectral bands reduced the aflatoxin level 82% and 38% of corn samples with an initial level of 

aflatoxin at >10 ppb and <10 ppb, respectively, with 5% rejection of total analyzed grains 

(Pearson et al., 2004). 

More recently, a sophisticated form of infrared analysis, Fourier Transform Infrared 

Spectroscopy (FTIR) has been available to scientists and in the literature and this device  

provides the use of the entire source spectrum and explains the chemical changes in samples with 

respect to vibrational modes of functional groups. There are many examples of FTIR being used 

for the detection of mold infestation on crops (mainly on corn kernels) using several accessories, 

namely photoacoustic spectroscopy (PAS) and diffuse reflectance spectroscopy (DRS) (Greene 
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et al., 1992; Kos et al., 2004), transient infrared spectroscopy (TIRS)(Gordon et al., 1999), and 

attenuated total reflectance spectroscopy (ATR)(Kos et al., 2004; Mirghani et al., 2001). ATR 

devices measure the total reflected energy from the surface of a sample in contact with an IR 

transmitting crystal. More recently, PAS has been considered as a powerful tool for field 

measurements by providing non-contact measurements. Still, more traditional ATR method can 

be preferable for being robust against atmospheric conditions (Irudayaraj et al., 2001) and having 

higher sample throughput by decreasing the analysis time considerably (Kos et al., 2004).  

In this current study, peanut was selected as a commodity because of being one of the 

most vulnerable crops to Aspergillus spp.  contamination and aflatoxin incidence (Kaaya et al., 

2006). The only study reporting a FTIR-ATR based method for aflatoxin contamination in 

groundnuts has been reported recently (Mirghani et al., 2001).In this study, aflatoxin spiked (in 

the range of 0-1200ppb) peanut paste samples were analyzed for four major aflatoxins; and using 

the partial least square regression, calibration models with coefficients of determination values 

(R2) of 0.9911, 0.9859, 0.9986, and 0.9789 for aflatoxins AFB1, AFB2, AFG1, and AFG2, 

respectively, were found.  But, in this study researcher have used solvent-extract of ground 

peanut cake after cleanup step rather than the contaminated peanut, itself (Mirghani et al., 

2001).Therefore, in this study, the use of FTIR-ATR instrument for determination of aflatoxin 

level in peanut paste products, as it is, but not the extract, was aimed.  

MATERIALS & METHODS 

Sample Preparation  

Smooth, blanched, Virginia peanuts were obtained from local retailers and stored at 4oC 

in re-closable plastic bags until analysis. Paste was made by grinding raw peanuts with a food 

processor (Butterfly Emerald Mixer, Gandhimathi Appliances Ltd., Tamil Nadu, India) equipped 
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with metal cutting blade and stainless steel container. Standard protocol was used in which 

samples were processed, scraped from the sides of the food processor sequentially in every 0.5 

min for 6 times. Aflatoxin free peanut samples were spiked with defined amounts of aflatoxins 

(BioPure Aflatoxin Mix Standard (2 µg/mL AFB1 & AFG1, 0.5 µg/mL AFB2 & AFG2 in 

acetonitrile), Tulln, Austria) covering the range of 0-200ppb. 

FTIR- ATR Measurements: 

Spectra of peanut paste samples were collected using FTIR spectrometer (Nicholet 6700, 

Thermo Fisher Scientific Inc., Madison, WI, USA)  equipped with DTGS KBr detector and 

Smart iTR diamond attenuated total reflectance (ATR) accessory (Thermo Fisher Scientific Inc., 

Madison, WI, USA). FTIR data was obtained using the Omnic 8.0 software (Thermo Fisher 

Scientific Inc., Madison, WI, USA). For the calibration, spectra were collected as absorbance 

from 64 scans through the frequency region of 4000-625cm-1 at a resolution of 4cm-1 and a gain 

of 2.0. Background measurements were made against air. Fourier transformation was performed 

with Mertz phase correction, N-B strong apodization function, with a zero filling factor of 2. 

After each measurement, diamond crystal was cleaned with 70% methanol and dried.  

Multivariate Data Analysis 

In this study, aflatoxin spiked peanut paste samples were used for the PLS regression 

analysis (SIMPLS algorithm) to obtain a relationship between the FTIR predicted and actual 

values. The prediction is achieved by extracting a set of latent variables which have the best 

predictive power. PLS tries to extract these latent factors, accounting for as much of the manifest 

factor variation as possible while modeling the responses well. Data was analyzed using software 

packages of Eigenvector / PLS Toolbox 5.5.1 (Wenatchee, Washington, USA). Due to the high 

degree of similarity between the collected spectra, it is necessary to conduct preprocessing step 
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to reduce the variability associated with unrelated sources affecting the intensity of all peaks 

(Figure 3.1). 

Data scaling might be useful and/or necessary under certain circumstances. If magnitudes 

are not considered, but only relative changes, the data should be mean centered to remove the 

dependency on magnitude. Hence, mean-center scaling was applied and data was further filtered 

to smooth the peaks that resemble random noise by Savitzky-Golay smoothing filter by setting 

the data points to 7 and polynomial order to 3rd order (cubic) polynomial for average smoothing 

of the first derivative of the data.  

Normalizing the source data is to bring all data to same baseline, so to be able to compare 

data of different scales. Also, inconsistencies between data can be smoothed out, which improves 

the effectiveness and the performance of the algorithms, represents the data in easily 

understandable format. Following normalization methods were applied to transform the data: 
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Given a spectra matrix X consisting of N rows of samples (i) and M columns of 

wavelengths (j), X matrix is normalized by subtracting the minimum element of each row from 

each element of vector and divided by the range of row in Eq. (1). For the second normalization, 

each element was divided by the sum of the elements of corresponding row as shown in Eq. (2). 

The ratio of the data remains the same for this type of normalization. Another linear 

transformation, maximum normalization was applied by dividing each element of the spectra by 

the maximum element (Eq. (3)). Lastly, to handle the case of exponentially distributed spectra, 

logarithmic normalization is a way to get more resolution to that vector component. Thus, 

logarithm of normalization technique 1 was applied to get the 4th normalization technique (Eq. 

(4)). 

Model Calibration and Validation 

After data manipulation, PLS approaches were tested for the full and reduced spectra by 

using “leave one out” cross-validation method to show how well a calibrated PLS method 

performs by quantifying each calibration standard as if it were a validation standard. Further, 

performance tests were conducted by selecting 4 samples out of full population (15 samples) to 

acquire a prediction set by leaving them out of training set. The performance of final PLS model 

for each normalization was compared in terms of correlation coefficient of determination (R2
C), 

root mean-squared error of calibration (RMSEC), root mean-squared error of cross-validation 

(RMSECV) and root mean-squared error of prediction (RMSECP). 

Wavelength Range Selection 

Both aflatoxins and peanut have very complex molecular structure (Scheme 3.1). Due to 

the high-heterogeneity in peanut compounds and the relatively small amount of aflatoxin 

standards in peanut samples (up to 200ppb), spectral region selection is a crucial step to derive 



53 
 

the most relevant data. In order to decide on the normalization method, 1st derivative of full 

spectrum was used. Later, to facilitate the selection of best region presenting the aflatoxin 

contamination while leaving disparate variability out of the calculations,  the spectral region 

representing the O-H stretching of water (3600-3200cm-1) and the region representing the 

absorptions from the diamond crystal (2340-1800cm-1) were excluded from all model 

calibrations (Kos et al., 2004). Reduced spectra models were obtained by dividing the spectrum 

covering 3028-2752cm-1 and 1800-625 cm-1 into 16 wavelength portions, possibly describing a 

structural change due to aflatoxin contamination (Figure 3.1). Each region was calibrated 

separately and ranked according to the correlation coefficient of determination (R2C) values to 

identify whether there are regions which might need to be studied well to increase the accuracy 

of the model. Further, the combinations of these regions were tried to get the optimum fit to 

describe the variations corresponding to aflatoxin level in peanut samples. 

RESULTS & DISCUSSION 

FTIR-ATR spectra of peanut paste samples contaminated at varying levels of aflatoxin 

(0-200ppb) were collected. Figure 3.1 shows mean spectrum of 5 repetitive measurements of 

clean and contaminated peanuts. As it can be observed, the spectra are very similar for both 

samples since the main components are the same, so are the vibration modes of the functional 

groups. Thus, after conducting the preprocessing steps (mean-centering, smoothing the 1st 

derivative) to decrease the variability coming from sources unrelated to aflatoxin contamination, 

four different normalization techniques were applied to increase the performance of the analysis. 

3 different linear normalization techniques (Eq. 1-3), plus a nonlinear normalization method (Eq. 

4) for comparison were adapted to the model. In linear normalization techniques, the relationship 

among the raw data was preserved; and logarithmic normalization is useful to uniformly 
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distribute the raw data when values are skewed toward small values. Regression parameters were 

summarized in Table 3.1, and as it can be seen, different normalization techniques showed slight 

improvement in the model. Still, 4th normalization (logarithmic normalization) gave the best fit 

with highest correlation coefficient of determination (R2
C) values for both the training set 

(composed of 55 data matrices) and for the prediction set (composed of 20 data matrices) and 

with lowest root mean-squared error of prediction (RMSECP) which represents the prediction 

performance of the developed model, with values 0.9734, 0.8477 and 24.52 ppb respectively. For 

further analysis 4th normalization formula has been used (Table 3.1 & 3.2). The reason of 

selecting a low aflatoxin levels (0-200ppb) to train the system is to see the sensitivity of FTIR. 

With similar approach, Tripathi and his co-workers (2009) have shown prospect of using Fourier 

transform near infrared spectroscopy to determine the aflatoxin B1 amount in red chili powder 

samples and they used aflatoxin B1 concentration range between 15.75-500 ppb. They reported 

that using samples having aflatoxin level lower than 15 ppb caused increase in error percentage 

and consequently developed model was not successful in predicting aflatoxin amount adequately 

(Tripathi and Mishra, 2009). In our case, having RMSEC value of 10.45 ppb indicates relatively 

lower sensitivity of FTIR with respect to other analysis methods (such as HPLC, which was 

reported to give lowest detection limit of  0.08 ppb (Gilbert and Anklam, 2002)). However, it is 

known that fungal infection is not uniformly distributed, in fact, it is usually located on very little 

portion of the peanut lot  and that portion may carry up to 1,000,000 ppb aflatoxin (Pasikatan and 

Dowell, 2001); and such high contamination would probably produce better differential spectra 

and would decrease the error percentage for the calibration and prediction curves. 

In the second part of the study, reduced spectral models based on selected regions were 

employed to improve the model. For this, full spectrum range was divided into 16 groups in a 
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way to cover the major peaks belong to peanut paste, itself, yet being a complex molecule, 

aflatoxins have functional group vibration modes corresponding to the same regions (Figure 1). 

The main functional groups of bulk medium, peanut paste, and their corresponding vibration 

modes in these regions were summarized in Table 3.3. 

New data matrices with varying dimensions (depending on the data points present in each 

region) for both training and prediction sets were created for each combination; and fed into PLS 

regression toolbox. Calibration and prediction models were developed after preprocessing the 

data (mean-centering, smoothing the 1st derivative, logarithmic normalization). Using “leave one 

out” cross validation method, the least latent variable giving the minimum RMSECV value was 

included into the algorithm and set of combinations were sorted for the highest R2
C and the 

lowest RMSEC, RMSECV, and RMSEP values (Table 3.2). 

Spectral regions: 3028-2988, 2948-2752, 1484-1424, 1408-1331 cm-1 resulted in the 

highest R2
C value of 0.9942 with RMSEC value of 4.90 ppb and linear regression curves, plotted 

for actual against FTIR predicted aflatoxin levels, for calibration and prediction sets gave 

equations of y= 0.9942x+0.3761 (standard error (SE)= 0.66) and y=0.8559x+18.945 (SE=5.03) 

with R2
P= 0.8653, respectively (Figure 3.2-a), still the RMSECP (22.50 ppb) is high to meet the 

regulatory restrictions. Region combination of 1584-1484 and 1424-1127 cm-1 led to reasonable 

RMSECP value of 12.84, but in return lower  R2
C (0.9701) was observed  (Figure 3.2-b). 

Therefore the spectral areas of 3028-2752, 1800-1707, 1584-1424, and 1408-1127 cm-1 were 

selected for moderate regression models for both training and prediction sets. By this way, 

98.57% and 89.90% of the variation in training and prediction set, respectively, were explained. 

The linear regression equations are y=0.9857x+0.9187 (SE= 1.03) and y=0.8816x+15.698 (SE= 

4.35) for calibration and prediction data sets, respectively (Figure 3.2-c). 
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Aflatoxins and peanut are complex matrices and they both represent highly unsaturated 

molecules (Asao et al., 1965). Aflatoxin B1 has aromatic structure with a carbonyl group in a 

five-membered ring, which is cross-conjugated with the unsaturated lactone function (Scheme 

3.1). With this unique structure, aflatoxins shows characteristic absorption bands in mid-infrared 

region, mainly concentrated in aromatic ring vibrational modes and carbonyl groups(Detroy and 

Hesseltine, 1970; Pavao et al., 1995). Peanuts, similarly, are composed of complex mixtures of 

proteins, carbohydrates and lipids. The amino acid composition of peanut shows little cyclic 

structure (only 15% of the total amino acids have cyclic structure or have aromatic side chain). 

Also, peanut is composed of mixed glycerides and contains several fatty acids, accounting for its 

high proportion of unsaturated structure (almost 80% oleic and linoleic acid content). The 

carbonyl group of triglycerides, also, has strong vibrational modes as carbonyl group of 

aflatoxins. The carbohydrate content of peanuts is range from 10 to 20% mainly composed of 

sucrose (Caballero, 2003) (features two rings, one with a single oxygen atom bonded to five 

carbon atoms and the other with an oxygen atom bonded to four carbon atoms), which may give 

strong absorbance as aromatic compounds. Thus, the expected peaks that may belong to 

aflatoxin were most probably masked by bulk peanut medium. Visual observation did not show 

very distinctive changes (intensity increase, decrease, shoulder formation or shifting) in spectral 

readings (Figure 3.1). This high degree of similarity within the spectra of contaminated peanut 

samples made the usage of multivariate analysis tools necessary to extract the maximum 

information from available data. According to the regression model analysis, the best region 

giving the most correlated portion of spectra was determined as the spectral areas of 3028-2752, 

1800-1707, 1584-1424, and 1408-1127 cm-1. Developed regression model tells us aflatoxin 

molecules, still, have structural functional groups affecting the spectrum collected (Table 3.2 & 
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3.4), even the major peaks belonged to the peanut. Spectral range of 3028-2752 cm-1 was 

assigned to  cis double bond stretching (=C–H) peak at 3007cm-1,the asymmetrical (2922 cm-1) 

and symmetrical (2853 cm-1) stretching of methylene group (–CH2) peaks; and region 1800-

1707cm-1 is stretching of ester carbonyl group with distinct peak at 1744 cm-1 for peanut butter 

(Irudayaraj et al., 2001). Same regions comprises the aromatic C-H and methyl C-H stretch 

(3000-2750cm-1); and C=O stretching of ketone carbonyl groups (1800-1700 cm-1), ,in 

aflatoxin molecules (Detroy and Hesseltine, 1970; Heathcote and Hibbert, 1978; Silverstein et 

al., 2005). Region 1584-1424 cm-1 has the skeletal vibrations involving the stretching of the C=C 

(ring), C-C (ring) and bending of C-C, C-H (ring) and -C-H of aflatoxins; while peak at 1538 

denotes the amide II group of protein structure of peanut butter and other strong band appear at 

1464 cm-1 represents the stretching of –C–H of the CH2 and CH3 aliphatic groups of fatty acids. 

The last region (1408-1127 cm-1), also, covers important vibrational modes for aflatoxins, as –C–

H (CH3), C=C (ring), -C-H bending and C-O, =C-H, C=C (ring) stretching. Same region shows 

strong peaks at 1377 cm-1 (–C–H (CH3)), 1236 and 1159 cm-1 (–C–O, –CH2–) for peanut butter 

and they are all corresponding to fats (Irudayaraj et al., 2001) (Table 2 & 4). 

It is known that mycotoxins may interact with the food matrices through binding matrix 

components such as proteins, lipids or sugars. Such binding interaction might reduce their 

bioavailability and cause partial inactivation of their potential biological toxicity (Jouany, 2007). 

There are many studies concentrated on aflatoxin-protein, or aflatoxin DNA molecules adduct 

formations (Guengerich et al., 2002; Heathcote and Hibbert, 1978; Mishra and Das, 2003; 

Monteiro et al., 1996; Sabbioni et al., 1990; Wang et al., 2001). However, there is no study 

reporting in vitro aflatoxin-lipid interaction, while there are abundant studies showing that lipid 

profiles affect the aflatoxin biosynthesis pathway in fungus (e.g, the production of aflatoxins is 
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directly related to the number of double bounds of free and esterified fatty acids (Fanelli and 

Fabbri, 1989)). Here, results from the study suggest that aflatoxin contamination mainly affected 

the spectral windows that were assigned to fat content of the peanut samples. In order to explain 

such a relationship, more study needs to be conducted.  

Figure 3.3 shows the percentages of correctly identified samples that were contaminated 

with aflatoxin at varying levels. 25 out of 75 samples have aflatoxin lower than 20 ppb, while 

samples 50/75 have aflatoxin higher than 20 ppb. The first spectral window, where R2
C is 

maximum, identified 95% of all 75 samples correctly with no false positive and 4 (out of 25) 

false negative samples. The 3rd option, where R2P is maximum, also gave very low level of false 

positive but the overall correctly identification rate was low (89.3%). Selected spectral region, 

Region 2, resulted in moderate correct identification, but, surprisingly, the false positive rate was 

the highest (8%).  

CONCLUSION 

The results clearly showed the potential of FTIR-ATR measurement for detection of 

aflatoxin contamination in peanuts. Even having large root mean-squared error values to be 

utilized as analytic method as approved by authorities, data manipulation and spectral region 

selection greatly improved the models developed with reasonable error percentages indicating 

FTIR spectroscopy can be operated as sorter for peanut lots in field measurements, as the 

employed system increases the sample throughput by reducing the analysis time appreciably 

(less than 1 min.); and additional sample preparation step is not required (except grinding).  
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Scheme 3.1: Chemical structures of aflatoxin B1 (Adapted from(Williams et al., 2004)). 
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Figure 3.1: Averaged spectrum of 5 repetitive measurements of peanuts (dashed line: clean 

peanuts; solid line: contaminated peanuts). 
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Figure 3.2: Linear regression curve of training/ prediction data (dashed line: prediction; solid 

line: calibration) (a) corresponding to spectral range 3028-2988, 2948-2752, 1484-1424, 1408-

1331 cm-1; (b) corresponding to spectral range1584-1484 and 1424-1127 cm-1; (c) corresponding 

to spectral range 3028-2752, 1800-1707, 1584-1424, and 1408-1127 cm-1 
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Figure 3.3: Percentages of correctly and incorrectly classified samples for cutoff value of 20 ppb 

aflatoxin for selected regions. Region 1 is the range between: 3028-2988, 2948-2752 ,1484-1424, 

1408-1331 cm-1, where R2C is maximum; Region 2 is the range between: 3028-2752, 1800-1707, 

1584-1424 ,1408-1127 cm-1, where R2C and R2P are moderate; and Region 3 is the range 

between: 1584-1484, 1424-1127  cm-1, where  R2P is maximum 
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Table 3.1: Calibration and prediction statistics for four different normalization methods applied 

Normalization  
Technique 

# of 
LVs 

R2
C RMSEC R2

V RMSECV R2
P RMSECP 

None 6 0.9719 10.76 0.8484 25.00 0.8482 24.20 
1 6 0.9702 11.06 0.8456 25.23 0.8359 25.37 
2 7 0.9684 15.50 0.8556 24.37 0.8376 25.19 
3 5 0.9546 13.66 0.8485 24.97 0.8112 27.69 
4 6 0.9734  10.46 0.8508 24.82 0.8478 24.52 
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Table 3.2: Linear regression model statistics using Partial Least Squares calculated with the SIMPLS algorithm for training/prediction 

sets after preprocessing (mean-centering, smoothing the 1st derivative) and logarithmic normalization for different wavelength regions. 

    Wavenumber region (cm-1) 

 

   4000-650  3028-2752 
1800-650 

 3028-2988  
2948-2752  
1484-1424  
1408-1331 

 3028-2752  
1800-1707  
1584-1424  
1408-1127 

 1584-1484 
1424-1127 

Data set  # of LVs : 6  6  10  9  8 
Calibration  R2

C  0.9734   0.9273  0.9942  0.9857  0.9701 
 RMSEC  10.46  17.30  4.90  7.66  11.09 
 Bias  -3.97x10-

13 
 -3.55x10-13  

-1.36x 10-11  1.93x10-12 
 5.81x10-12 

             

Validation  R2
V  0.8508  0.7955  0.8792  0.8966  0.8563 

 RMSEC
V 

 24.82  29.04  22.45  20.62  24.36 

 Bias  -0.7940   -1.4376  -0.6302  -0.2815  1.2483 
             
Prediction  R2

P  0.8478  0.8485  0.8653  0.8990  0.9619 
 RMSEC

P 
 24.52  24.34  22.50  19.47  12.84 

 Bias  5.2338  7.1445  6.5163  4.8174  3.3423 
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Table 3.3. Functional groups and vibration modes of FTIR spectral regions selected for reduced 

spectral PLS regression models (Guillen and Cabo, 1997b; Sivakesava and Irudayaraj, 2000). 

Index Frequency range Frequency (cm-1) Functional group Mode of vibration 

1 1800-1700 
1744 –C=O (ester)  Stretching 

1710 –C=O (acid) Stretching 

2 1707-1584 1652 C=O, C–N Stretching 

3 1584-1484 1538 
N–H, C–O Bending 

C–C, C–N Stretching 

4 1484-1424 1464 –C–H (CH2, CH3) 
Bending 
(scissoring) 

5 1424-1408 1417 =C-H (cis) Bending (rocking) 

6 1408-1331 1377 –C–H (CH3)  Bending (sym) 

7 1331-1212 1236 –C–O, –CH2– 
Stretching, 
bending 

8 1212-1127 1159 –C–O, –CH2– 
Stretching, 
bending 

9 1127-1108 1118 –C–O  Stretching 

10 1108-1070 1096 –C–O  Stretching 

11 1070-804 
1033 –C–O  Stretching 

848 Not assigned  
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Table 3.4: Functional groups and vibration modes assigned for aflatoxin presence in peanut 

paste samples in selected spectral regions (Detroy and Hesseltine, 1970; Heathcote and Hibbert, 

1978; Silverstein et al., 2005). 

Frequency range Vibrational modes for aflatoxins in selected regions 

3028-2752 cm-1 Stretching of aromatic C-H and methyl C-H  

1800-1707 cm-1 C=O stretching of ketone carbonyl groups 

1584-1424 cm-1 Stretching of the C=C (ring), C-C (ring) and bending of C-C, C-H 

(ring) and -C-H 

1408-1127 cm-1 Bending of –C–H (CH3), C=C (ring), -C-H; stretching of and C-O, 

=C-H, C=C (ring)  
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ABSTRACT 

Aspergillus species of section Flavi as well as A. niger are one of the most common 

fungal populations taking part in peanut invasion; and reveal a great danger in consequence of 

secondary metabolites, so called mycotoxins. In this study, a rapid and nondestructive analysis 

method, FTIR coupled with ATR accessory, was introduced for characterization, discrimination 

and quantification of Aspergillus spp. at section and species level without a need for isolation of 

pure cultures. Very high R2 values (up to 99.98% for A. alliaceus) together with low error of 

RMSEC values (0.014 LogCFU/g of peanut for A. alliaceus) were observed. At low levels of 

invasion, spectral data from peanut matrix was predominant, still different metabolic activities of 

A. niger provided a section level separation. With an increase in cell concentration, the accuracy 

of correct classification increased.   Samples with similar secondary metabolites (toxin 

producers) grouped close-by in PC score diagrams for all level of fungal growth. For full 

separation at section and species level, the minimum number of cells needed was 1000 and 

10000 CFU/g, respectively. In addition, the spectral characteristics in fingerprint region (1800-

650 cm-1) were interpreted with respect to mold   and metabolic products for different level of 

growth. 

 

Keywords: FTIR-ATR; Peanut; Aspergillus species; PLS regression; Discriminant analysis 
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INTRODUCTION 

The genus Aspergillus is ubiquitous in nature and distributed worldwide. It is among the 

most studied of all fungal genera due to their economic impact as being both industrially 

important bio-producer of certain enzymes and a causative agent in food spoilage (Bennett, 

2010). Changes that have been made ever since the last monograph written by Raper and Fennell 

(1965),  the genus now contains about 250 species (Raper and Fennell, 1965; Samson and Varga, 

2010). Within the genus Aspergillus there are eight subgenera; and one or more sections assigned 

to each subgenus. Currently, there are 18 sections named, in total (Samson and Varga, 2010). 

Among them, section Flavi, which takes its name from infamous member, A. flavus, and the 

black aspergilli, A. niger have been frequently seen in peanuts as dominant colonists. A. niger 

has always been important for biotechnology applications; for example, it’s been used for 

synthesis of industrially valuable products like citric acid, or gluconic acid (Bennett, 2010). 

However, Aspergillus niger is also known for its potential to produce ochratoxin (Abarca et al., 

1994), which is considered as a potent carcinogen in rats (Mantle et al., 2005). 

A. flavus together with A. parasiticus are the most commonly seen opportunistic pathogen of 

crops and occur regularly in all-inclusive food supplies but especially seen in oil-rich seeds 

(Diener et al., 1987) like peanuts. These species have attracted worldwide attention owing to 

their potential to produce one of the most potent mycotoxin, namely aflatoxin (Murphy et al., 

2006).  

There are four major aflatoxins (AF) called as AFB1, AFB2, AFG1, and AFG2 with the letters 

referring to two colors in the fluorescence under ultraviolet light (blue or green) and among them 

AFB1 is considered the most potent natural carcinogen known and is usually the major aflatoxin 
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produced by toxigenic strains (Klich, 2007). A. flavus naturally synthesizes AFB1, AFB2 and 

cyclopiazonic acid, another mycotoxin that is serious at high concentrations;  whereas, A. 

parasiticus can produce G aflatoxins in addition to aflatoxins AFB1, AFB2 but not cyclopiazonic 

acid (Horn, 2003).  Aflatoxins have probably been with humans from time immemorial, but have 

been recognized recently by an outbreak occurred in early 1960’s. After being associated with 

the turkey X disease as a causative agent (Spensley, 1963), they have taken part in many other 

outbreaks that resulted in lots of fatalities (Krishnamachari et al., 1975; Lewis et al., 2005; Lye et 

al., 1995). Since, this is about human health, strict regulation on aflatoxin level have been 

established in many countries to protect the consumers and also, it was reported that at least 98 

countries had mycotoxin regulations for food and/or feed by 2002 (van Egmond and Jonker, 

2004), and this number is increasing.  

Peanut is one of the most vulnerable crops to Aspergillus spp.  contamination (Kaaya et al., 

2006). Peanut pods are in direct contact with soil, which is the source of primary inoculum for 

Aspergillus spp., thus invasion of seed by these species before harvest is common (Horn, 2005).  

Other section Flavi species in peanut that have been reported are A. caelatus (Horn, 1997) and A. 

tamari (Horn et al., 1996), which are not aflatoxin producers; but A. tamari produces 

cyclopiazonic acid.  A. alliaceus, which have recently been placed in section Flavi (Peterson, 

2008) has also been reported as being an ochratoxin A producer (Bayman et al., 2002b) and may 

colonize on peanut seeds depending on the environmental conditions of the field (Horn, 2005).  

Bearing the importance of mycotoxins in food and feed, there is a need for rapid detection of 

toxic metabolites and their source fungi, and many biochemical and molecular techniques are 

available today. Some of the methods applied for mycotoxin and fungal identification and 

quantification are thin-layer chromatography (TLC), high-pressure liquid chromatography 
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(HPLC), using column chromatography, multifunctional columns, solid phase extraction or 

immunoaffinity columns, or enzyme-linked immunosorbent assay (ELISA). (Gilbert and 

Anklam, 2002). As an alternative, in last two decades, Fourier transform infrared spectroscopy 

(FTIR technology) has gaining popularity in the area of identification and classification of 

microorganisms compared to these laborious and slow methods listed above; and successful 

applications were built up even in subspecies level in years. Many authors have reported the use 

of mid-infrared spectral data and chemometrics as powerful discrimination tool for 

microorganisms and have been reviewed elsewhere (Mariey et al., 2001). FTIR in combination 

with reflectance accessorizes like attenuated total reflectance (ATR) (Kos et al., 2003) or 

photoacoustic spectroscopy (PAS) (Gordon et al., 1999) have been proposed for Fusarium 

graminearum and Aspergillus flavus detection on corn, respectively. Recently, a research group 

from Germany has shown the successful usage of FTIR for identification of airborne fungi which 

made the rapid use of FTIR to decide on strain characterization of “microfungi” possible. Fischer 

and colleagues have also demonstrated different sample preparation protocols to get reproducible 

procedure and repetitive spectral data of the living mycelia cells (Fischer et al., 2006). In all 

these taxonomic classification studies, including the bacterial cell  identification (Naumann, 

2000) quality of the developed multivariate regression or classification models depends on data 

compatibility, which was provided by standardizing the sample preparation procedures (Beekes 

et al., 2007).  

In this study, it was aimed to show spectral characteristics of Aspergillus spp.  plus spectral 

characteristics of clean and infected peanut  and classification of different strains of genus 

Aspergillus, using FTIR-ATR in combination with multivariate analysis models. By doing so, 

sample preparation step was minimized and peanut matrix was used as bulk medium.  
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METHODOLOGY 

Infected Peanut Paste Sample Preparation  

Smooth, blanched, Virginia peanuts were obtained from local retailers and stored at 4oC 

in re-closable plastic bags until analysis. Eight different strains, namely: A. alliaceus NRRL 

4181, A. caelatus NRRL 25528, A. flavus NRRL 1957(non aflatoxin producing mutant), A. 

flavus NRRL 3357 (aflatoxin producer), A. parasiticus NRRL 21369 (non aflatoxin producing 

UV color mutant), A. parasiticus NRRL 5862 (aflatoxin producer), A. tamari NRRL 20818 and 

A. niger NRRL 326 were kindly obtained from Dr. Bruce Horn (USDA National Peanut 

Research Lab., Georgia, USA). Conidia of each strain from stock cultures were first inoculated 

on potato dextrose agar and incubated at room temperature for 7 days to enable significant 

sporulation to take place. After incubation, 5 ml of sterile distilled water was aseptically added to 

each plate. A sterile plastic inoculation loop was used to loosen the colonies from the PDA 

plates. The suspension created was then filtered through sterile cheese cloth into a sterile 50 ml 

capacity Falcon tube. Peanut pods were surface sterilized before inoculation treatment using 

1.0% NaOCl for 3 minutes and rinsed thoroughly with distilled water. After removing the excess 

water with pre-sterilized paper towel, each pod was placed into moist chamber to get infected 

peanut pods with varying strains of genus Aspergillus. Spore suspensions were dispersed onto 

surface sterilized peanut pods and placed into moist chamber at room temperature until seeds 

were covered with masses of fungi of interest. Highly contaminated peanuts were later blended 

with pre-sterilized clean peanuts on a weight basis to prepare samples of calibration set having 

varying cell concentrations of Aspergillus spp. of interest. Paste was made by grinding raw 

peanuts with a food processor (Butterfly Emerald Mixer, Gandhimathi Appliances Ltd., Tamil 

Nadu, India) equipped with metal cutting blade and stainless steel container. Initial fungal load 
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was determined in terms of colony plate count and results were expressed as average LogCFU/ g 

of peanuts of three measurements.  

FTIR- ATR Spectral Measurements 

The infrared spectra of contaminated peanut paste samples were collected using FTIR 

spectrometer (Nicholet 6700, Thermo Fisher Scientific Inc., Madison, WI, USA) coupled with 

DTGS KBr detector. Sample compartment was equipped with Smart iTR diamond attenuated 

total reflectance (ATR) accessory (Thermo Fisher Scientific Inc., Madison, WI, USA) consisting 

of laminated diamond as crystal material, mounted in stainless-steel plate.  The diamond crystal 

has a reflective index of 2.4 at 1000cm-1 and an angle of incidence of 45 degrees. Spectra were 

attained and processed with the Omnic Spectra (Thermo Scientific, Madison, WI, USA) 

software. Spectra were scanned over a range of 4000-625cm-1 at a resolution of 4cm-1 and a gain 

of 2.0. Average of 64 scans was used as final spectrum and background measurements were 

collected against air in every 600 minutes. Fourier transformation was performed with Mertz 

phase correction, N-B strong apodization function, with a zero filling factor of 2. The crystal was 

cleaned between successive measurements with 70% methanol and dried truly. The cleaned 

crystal was checked to avoid residues from previous measurements by observing the background 

spectrum.  

Multivariate Data Analysis 

PLS Regression 

Partial least square (PLS) modeling is a powerful multivariate analysis tool for spectral 

analysis of samples having complex structure as is the case in peanut and mold itself. In this 

study, peanuts were infected with different strains of genus Aspergillus and kept under high 
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humid condition at room temperature to accelerate the growth of fungi; and the spectral 

responses were analyzed with PLS regression technique (TurboQuant IR calibration and 

prediction software, Thermo Fisher, Madison, WI, USA). Blends of infected and clean peanut 

paste samples were prepared as cell concentration values varied between 2.5 and 6.0 LogCFU/g 

peanut. Readouts collected for each Aspergillus spp. were 40 to 50 for calibration set and 20-24 

for prediction set. Spectral readings were pre-processed before loaded into PLS regression in 

order to reduce the variability associated with unrelated sources affecting the intensity of all 

peaks. Data were mean centered to remove the dependency on magnitude and filtered to smooth 

the peaks that resemble random noise by Savitzky-Golay smoothing filter by setting the data 

points to 7 and polynomial order to 3rd order (cubic) polynomial for average smoothing of the 

first derivative of the data.  

The performance of developed PLS regression models for each Aspergillus spp. were 

tested by applying “leave one out” cross-validation method in which each calibration standard 

was quantified as validation standard. The performance of developed PLS models were 

evaluated through correlation coefficient of determination (R2), root mean-squared error of 

calibration (RMSEC), root mean-squared error of cross-validation (RMSEV) and root mean-

squared error of prediction (RMSEP). 

Discriminant Analysis 

In order to determine the threshold cell concentration value which results in full 

discrimination of all Aspergillus spp. used in this study, samples were separated in four batches 

according to fungal growth level as samples having cell concentration of 2.5 LogCFU/g peanut 

and lower, 3.0 to 4.0 LogCFU/g peanut, 4.5 to 5 LogCFU/g peanut, and 5.5 LogCFU/g peanut 
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and higher. Pre-processed (mean-centered, filtered by smoothing the 1st derivative) spectral data 

of each batch was evaluated with respect to quality of the classification using Discriminant 

analysis technique (TurboQuant IR calibration and prediction software, Thermo Fisher, Madison, 

WI, USA) by computing the distance from each class center in Mahalanobis distance units. 

During calibration, the software computes a mean spectrum and then generates a distribution 

model by estimating the variance at each frequency in the analysis range. Results were presented 

as principal component (PC) score plots. 

RESULTS AND DISCUSSION 

Peanut seeds were aseptically inoculated with spore solutions of Aspergillus spp. and 

kept at humid environment until the masses of fungi of interest covered the seeds. Figure 4.1 

shows the average of 5 repetitive reading of fungal mycelium of Aspergillus spp. scraped off the 

peanut surfaces after drying infected peanuts in desiccator cabinet with drierite. Spectral data 

shown is in its present condition, without any spectral correction or pre-processing. Even they 

may look similar, there are minor spectral differences within the species of genus Aspergillus, as 

they all predominantly give intensive absorption bands between 3600-3100 cm-1 and 1700-1500 

cm-1 which are assigned to protein content (amide A, amide I and amide II bands) of the fungi. 

Although, cells contain DNA and RNA structures, carbohydrates and lipids, the various cell and 

membrane proteins form the major part of the cell masses (Naumann, 2000; Stuart, 2004). 

Absorption bands observed between 3050-2750 cm-1 and 1500-1300 cm-1 are generally led by 

lipid content but there are also some deformation modes of vibrations of protein structures. The 

region between 1200 and 900 cm-1 is referred as ring vibrations of oligo and polysaccharides 

(Naumann, 2000). The spectral region between 900 and 600 cm-1 is generally arising from 

aromatic ring vibrations. 
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Since the early 1950s, there have been abundant of taxonomic classification works 

published in the literature investigating different spectral windows to get optimum dispersion of 

strains of different bacterial or fungal cells (Mariey et al., 2001). Among many advantages of 

usage of infrared spectroscopy, analysis is limited to microorganisms that can grow in culture 

media and stable and strictly controlled cultivation conditions (Naumann, 2000). Thus, many 

researchers have tended to set a technique to get repeatable and reproducible classification 

method which works for all microorganisms (Mariey et al., 2001). Standardization of isolation of 

pure cultures from food matrix is one of the most time consuming step for discrimination studies. 

Henceforth, in this study, it was aimed to describe methodology that reduces the sample 

preparation needs and do classification using the peanut matrix as it is; also, to depict the 

biochemical alterations in both cell structure and nutritious medium (peanuts) as fungal growth 

happens in terms of spectral data. Thus, in order to decide on the direct influence of growth on 

spectra, the infected peanut seeds were blended with clean ones in weight basis; and PLS 

regression analysis was performed to get the variation and correlation spectra of each species of 

genus Aspergillus. The resulting variance spectrum of developed PLS models indicated the 

regions that are active, in other words changing as concentration information changes, while 

correlation spectrum showed the association of these changes with respect to cell concentration 

(Figure 4.2); and this information was used for spectral window selection and interpretation of 

peaks.  

Spectral Region Selection and Interpretation 

Given the complex structure of both Aspergillus spp. under study and peanut matrices, 

the spectra can contain a superposition of hundreds of infrared modes. The O-H stretching of 

water (3600-3200cm-1) and the region representing the absorptions from the diamond crystal 
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(2340-1800 cm-1) were excluded from all model calibrations. Wave numbers between 3050 and 

2750 cm-1 were also excluded from data analysis and the active portion of the spectrum that  lies 

between 1800-650 cm-1 (fingerprint region) where the variations are unambiguous to fungal 

growth (observed as high correlation values under the region- as stated before (Kos et al., 2002)) 

was selected. 

The IR spectrum includes the entire information about functional groups of the chemical 

compounds in the complex matrix of peanuts plus Aspergillus spp. and their metabolites, hence 

the interpretation is extensive, and varies as molecules included vary. In our case, the spectra 

obtained from all samples predominantly from absorbance of peanut matrix but with some 

contamination from Aspergillus species’ proteins and carbohydrates, as well lipid hydrolysis and 

other metabolic activity products during growth. Detailed band assignments of selected peaks in 

specified region were summarized in Table 4.1. Representative spectral regions of fungal growth 

on peanut were further illustrated in Figure 4.3, and area alterations with respect to increased 

LogCFU/g peanut values were indicated with arrows. Peanuts are complex structures, with the 

main components being water (very little), proteins, fats and carbohydrates. Proteins appear as 

amide I (1700-1600cm-1) and amide II (1565-1520cm-1) groups (Stuart, 2004). The protein 

related peaks were assigned to 1643 cm-1 and 1544 cm-1 in the current study. The first one 

represents the carbonyl and C-N stretching of the amide I group and the second one relates to 

combination of the C-C and C-N stretching, and N-H and C-O bending vibrations of the amide II 

group (Irudayaraj et al., 2001). Another protein related band that is usually observed around 

3290 cm-1 as a broad peak (N-H stretching of amide group) was not included in regression 

analysis. As stated before, fungal infection can be determined from the increased absorption 

peaks of proteins, and decreased absorptions at lipid and carbohydrate regions due to the 
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metabolic activity of fungus (Naumann, 2000). In all Aspergillus spp. profiles, a sharp decrease 

and a steady increase after cell concentration reaches to 5 LogCFU/g of peanut was observed 

when amide I and amide II band components were investigated. Same trend was noted for amide 

A band (3290cm-1) but depth of concavity was smaller. It’s been reported that proteolytic 

enzymes of fungi can hydrolyze the host proteins and can convert the building blocks into fungal 

protein during advanced stages of deterioration (Bothast, 1978). Similarly, our results suggests 

fungal metabolism of peanut proteins, at first (concave down), and then, fungal proteins starts to 

be spectrally observable after a certain number of fungal growth (concave up) is reached.  

Along with protein peaks, the FTIR spectrum of infected and clean peanut paste samples 

also showed a sharp linear increase and/or decrease at fat associated peaks indicating lipid 

hydrolysis. Peanut is composed of mixed glycerides and contains several fatty acids, accounting 

for its high proportion of unsaturated structure (almost 80% oleic and linoleic acid content) 

(Caballero, 2003); this structure is known to enhance the growth rate of Aspergillus spp. (Fanelli 

and Fabbri, 1980). The enzymatic degradation of lipids into free fatty acids and glycerol has 

been shown to be prior to metabolism of starch granules or protein content (Smart et al., 1990), 

during Aspergillus invasion; alternatively, in some studies drop in sugar concentration was 

reported to be before or simultaneous to triglyceride hydrolysis through metabolism of 

Aspergillus (Mellon et al., 2000; Mellon et al., 2002). Still, hydrolysis of triglycerides by the 

action of lipases has been an important alert to mold growth and consequently increase in the 

free fatty acid content of grain has been suggested as an indicator of grain deterioration (Bothast, 

1978). The peak height of the fatty acid ester linkage (-C=O) centering at 1743cm-1 decreased 

due to lipid consumption and simultaneously ester carbonyl (-C=O stretching of acid) of 

breakdown product of free fatty acids (FFA) appeared and steadily increased at 1710 cm-1 
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(Ismail et al., 1993). Another fat associated band of C-O stretching at 1160 cm–1 generally 

decreased as mold count increased. These bands can be used for determination of level of 

Aspergillus spp. contamination in peanut samples (Figure 4.4), because all three gave a good 

correlation with high coefficient of determination, R2 values of 98.21, 98.71, 99.37% for A. 

flavus NRRL 1957 (as an example), respectively, when linearly regressed to mold amount 

(similar trends were observed for other species too but data was not shown). Apart from these 

peaks, other fat related peaks at 1464 and 1378 cm–1, which represent bending vibrations of the 

methylene and symmetrical bending vibration of methyl groups of the fatty acids, respectively, 

showed a slight drop in absorbance until mold counts between 20,000 to 100,000 cells; 

afterwards increased to initial absorbance value as invasion advanced. The height of peak at 

1238 cm-1, which related to the C-O stretching of esters, had a similar trend, whereas the band at 

1118 and 1095 cm-1 decreased with increased mold growth. Those bands may be assigned to C-O 

group in esters (Guillen and Cabo, 1997a) of triglycerides and can be used for estimating the 

level of lipid degradation or fungal growth. Differently, the peak at 1416 cm-1 rose with half of 

the rate compared to previous bands in regard to Aspergillus count.  

PLS Model Calibration and Validation 

PLS regression analysis is to predict dependent variables from a set of independent 

variables achieved by extracting a set of latent variables which have the best predictive power. 

Separate PLS regression models were developed for each species including the cell concentration 

information in terms of LogCFU/g of peanut by deciding on the minimum number of factors 

accounting for as much of the manifest variation as possible while modeling the responses. Pre-

processed data (mean-centered, filtered by smoothing the 1st derivative) was loaded into PLS 

(SIMPLE algorithm) and resulted regression parameters were summarized in Table 4.2. All 



85 
 

models fit the actual cell concentration values well with R2 values ranging between 96.20% (A. 

alliaceus NRRL 4181) and 99.98% (A. flavus NRRL 1957); and the root mean-squared error of 

calibration (RMSEC) values were between 0.153-0.014 LogCFU/g of peanut for the same 

species, respectively.  The highest root mean-squared error of prediction (RMSEP), which is an 

indicator of the accuracy of the model, was observed for A. tamari NRRL 20818 with a value of 

0.235 LogCFU/g of peanut. When % difference was investigated, it was higher for prediction 

standards than the data matrices used for calibration, which is probably a result of large number 

of factors used. This indicates an over-fit of calibration model developed for A. tamari NRRL 

20818. Similarly the highest root mean-squared error of cross-validation (RMSEV) was found 

for A. tamari NRRL 20818 (0.280 LogCFU/g of peanut), while A. niger NRRL 326 gave the 

lowest errors with values of 0.153 and 0.120 LogCFU/g of peanut for RMSEV and RMSEP, 

respectively. The number of factors was decided according to the predicted residual error sum of 

squares (PRESS) plot. PRESS value decreases as the factors are added. At some point error 

value reaches down to a minimum, which gives the number of factors used in PLS. Adding more 

factors will result in over-fitted calibration models. The number of factors used for each species 

of Aspergillus was given in Table 4.2 and actual versus predicted cell count values were 

illustrated in Figure 4.5.  In general, low levels of errors of calibration, validation and prediction 

data sets for all species studied prove the high performance of FTIR when used as an analytical 

tool for estimation of mold count. In other words, level of infection by Aspergillus spp. on 

peanuts can be determined with very little sample preparation and without usage of chemicals in 

a very short time (less than 1 min.). 
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Classification with respect to cell concentration 

Firstly, the whole data pool was separated into 4 batches (each having 8 classes 

representing different Aspergillus spp.) and separate Discriminant Analyses were applied to 

investigate the threshold cell count values to get full discrimination at species level. The 

Discriminant Analysis algorithm was used to compute the mean spectrum for each class by 

developing one model for all classes and to create a distribution by calculating the distances from 

each class center in Mahalanobis distance units. 10 principle components were used to calibrate 

the method for all data sets; and 74.1, 76.5, 77.6, and 79.6 percent variability were described for 

groups of LogCFU/g≤ 2.5, LogCFU/g=3.0-4.0, LogCFU/g=4.5-5, and LogCFU/g ≥ 5.5, 

respectively.  

The principal component scores (PC scores) diagnostics for each group were illustrated in 

Figures 4.6- 4.9. PC scores of each class (Aspergillus spp.) had a tendency to depart from other 

classes as the cell concentration increases, as expected. When the cell counts were lower than 

500, all species clustered close to each other, still a separation could be observed (Figure 4.6). 

Within the group of 2.5 LogCFU/g peanut and lower, 6/95 standards were misclassified; and 

misclassified sample number decreased to 3 out of 102 for the group of 3.0 to 4.0 LogCFU/g 

peanut. For low level of Aspergillus invasion, it is obvious that the spectral changes were 

predominantly from peanut matrix. But, after mold count of 1000 CFU/g was reached, first the 

A. niger NRRL 326 separated which was followed by A. tamari NRRL 20818 and UV color 

mutant A. parasiticus NRRL 21369 (Figure 4.7).  In groups of LogCFU/g=4.5-5, and LogCFU/g 

≥ 5.5 all sample data belongs to 8 species of genus Aspergillus were classified correctly (Figure 

4.8 and Figure 4.9). The most conspicuous observation was that for all cell concentration values 
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the class centers of A. flavus 3357 and A. parasiticus NRRL 5862 remained close by. These 

strains are known to be an aflatoxin producer, and apparently similar secondary metabolites 

produced increases the similarity within the spectral readouts. Likewise, different metabolites 

produced by strains in the same taxon were reported to be discriminated well (Fischer et al., 

2006). This can be a good explanation for A. niger belonging to section Nigri getting separated 

first, even the cell count was around 1000 CFU/g. Also, A. niger is known to produce ochratoxin 

A. All other 7 species were from section Flavi, and strain level separation required more cell 

count (around 10,000) to be fully distinguished.  

CONCLUSION 

Both peanut matrix and the invaded fungi have complex structures, with the main 

components being water (very little), proteins, fats and carbohydrates. Thus, both are readily 

giving absorptions at similar frequencies, or masking the spectral contributions of one another, 

yet the peanut was found to be main component at low level fungal growth. Afterwards, some 

compositional changes like a decrease and consequent increase at protein related peaks, or steady 

drop in lipid associated peaks indicate that fungus of interest became dominant in the medium. 

PLS regression results prove the potential of FTIR-ATR as a tool for quantitative analysis of 

fungal growth on food matrix since very high R2 values together with low error percentages were 

found. Besides, metabolic activity products of fungi added to spectral readings and it was 

observed that fungi in the same section were grouped together or separated according to their 

secondary metabolites. This indicates that peanut kernels can be separated automatically as 

healthy or invaded, furthermore according to the stages of deterioration by fungi, moldy and 

toxic streams can be achieved, when FTIR-ATR system is run as sorter.  
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Figure 4.1: Mean spectra of each Aspergillus spp. studied. Mycelium of fungi of interest was 

scraped off peanut surface, dried and loaded onto diamond cell of ATR unit for spectrum 

collection.  
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Figure 4.2: Overall variance and multiple correlation spectra of all data, mean spectrum of 

infected peanut samples with A. flavus NRRL 1957 and mean spectrum of clean peanut samples.  
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Figure 4.3: Spectral changes as A. flavus NRRL 1957 grows on peanut. Arrows indicate the 

increasing number of A. flavus NRRL 1957 count in terms of LogCFU/g peanut.  
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Figure 4.4: Average of 3 absorbance readings with respect to cell count (CFU/ g peanut) for A. 

flavus NRRL 1957 at specified wavenumbers: (◊) at 1743 cm-1; (□) at 1710 cm-1; (○) at 1160 cm-

1. The corresponding R2 values ogerher with the equations are: (──)  y = -2*10-7x + 0.2408 & 

R² = 0.9848; (─▪─)y = 2*10-7x + 0.02 & R² = 0.9879; (- - -)y = -1*10-7x + 0.1798 & R² = 0.9935 
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Figure 4.5: FTIR predicted versus actual cell count (LogCFU/g) values for all Aspergillus 

species studied: (◆) A. niger NRRL 326; (∆) A. flavus NRRL 3357; (×) A. flavus NRRL 1957; 

(▲)A. parasiticus NRRL 5862; (●) A. parasiticus NRRL 21369; (○) A. alliaceus NRRL 4181; 

(■)A. caelatus NRLL 25528; (+) A. tamari NRRL 20818 
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Figure 4.6: PC score plot for group LogCFU/g≤ 2.5: (×) A. niger NRRL 326; (∆) A. flavus 

NRRL 3357; (●) A. flavus NRRL 1957; (▲) A. parasiticus NRRL 5862; (■) A. parasiticus 

NRRL 21369; (◊) A. alliaceus NRRL 4181; (+) A. caelatus NRLL 25528; (◆) A. tamari NRRL 

20818 
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Figure 4.7: PC score plot for group LogCFU/g=3.0-4.0: (×) A. niger NRRL 326; (∆) A. flavus 

NRRL 3357; (●) A. flavus NRRL 1957; (▲) A. parasiticus NRRL 5862; (■) A. parasiticus 

NRRL 21369; (◊) A. alliaceus NRRL 4181; (+) A. caelatus NRLL 25528; (◆) A. tamari NRRL 

20818 
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Figure 4.8: PC score plot for group LogCFU/g=4.5-5: (×) A. niger NRRL 326; (∆) A. flavus 

NRRL 3357; (●) A. flavus NRRL 1957; (▲) A. parasiticus NRRL 5862; (■) A. parasiticus 

NRRL 21369; (◊) A. alliaceus NRRL 4181; (+) A. caelatus NRLL 25528; (◆) A. tamari NRRL 

20818 
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Figure 4.9: PC score plot for group LogCFU/g ≥ 5.5: (×) A. niger NRRL 326; (∆) A. flavus 

NRRL 3357; (●) A. flavus NRRL 1957; (▲) A. parasiticus NRRL 5862; (■) A. parasiticus 

NRRL 21369; (◊) A. alliaceus NRRL 4181; (+) A. caelatus NRLL 25528; (◆) A. tamari NRRL 

20818 

 

 

 

 

 

 

 

 

 

 

 

 

 



98 
 

Table 4.1: Functional groups and vibration modes of FTIR spectral regions of fingerprint region 

(Guillen and Cabo, 1997a; Irudayaraj et al., 2001; Ismail et al., 1993) 

Frequency (cm-1) Functional group Mode of vibration 
1743 –C=O (ester)  Stretching 

1710 –C=O (acid) Stretching 

1643 C=O, C–N Stretching 

1544 N–H, C–O Bending 
C–C, C–N Stretching 

1464 –C–H (CH2, CH3) Bending (scissoring) 

1416 =C-H (cis) Bending (rocking) 

1378 –C–H (CH3)  Bending (sym) 

1238 –C–H (CH3)  Bending (sym) 

1160 –C–O, –CH2– Stretching, bending 

1118 –C–O, –CH2– Stretching, bending 

1095 –C–O  Stretching 
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Table 4.2:  PLS regression statistics of each Aspergillus spp. studied 
In

de
x 

Aspergillus spp.  studied 

F
ac

to
r 

S
lo

pe
 

In
te

rc
ep

t 

R2 

(%) 
RMSEC 

(LogCFU/g) 
RMSECV 

(LogCFU/g) 
RMSEP 

(LogCFU/g) 

1 A. niger NRRL 326 6 1.006 0.032 99.55 0.077 0.153 0.120 

2 A. caelatus NRRL 25528 6 0.990 0.041 99.55 0.077 0.223 0.140 

3 A. tamari NRRL 20818 9 0.983 0.045 99.90 0.035 0.280 0.235 

4 A. flavus NRRL 1957 9 0.993 0.031 99.98 0.014 0.153 0.169 

5 A. flavus NRRL 3357 5 0.977 0.098 98.96 0.117 0.246 0.189 

6 A. parasiticus NRRL 5862 6 0.989 0.043 99.67 0.068 0.197 0.164 

7 A. parasiticus NRRL 21369 6 0.994 0.034 99.65 0.068 0.1160 0.139 

8 A. alliaceus NRRL 4181 3 0.972 0.094 96.20 0.153 0.244 0.195 
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ABSTRACT 

This study demonstrated the potential use of FTIR-ATR system for determination of 

aflatoxigenic and non-aflatoxigenic strains of A. flavus and A. parasiticus invasion on peanuts. 

Threshold mold density on peanut paste samples was 2.7 LogCFU/g peanut corresponding to 

legislative limiting level of 20 ppb and classification was performed to separate the stream from 

so called “Moldy” and “Highly Moldy” peanuts. All the samples (n=165) were classified 

correctly. Second threshold value was set to 300 ppb aflatoxin to further sort out moldy samples 

in order to decide on highly toxic samples. By this way, remaining portion of just moldy samples 

may be used as animal feed. Again, 100% correct separation was observed. Growth profiles of 

both strains of A. flavus and A. parasiticus were interpreted with respect to spectral measures.  

Even spectral alterations for aflatoxin presence were not clearly identifiable, similar secondary 

metabolites of both aflatoxigenic species led to cluster together in distance plots and showed the 

potential usage of developed method to separate safer peanuts in a lot when implemented.   

 
Keywords: FTIR-ATR; Peanut; A. flavus; A. parasiticus; PLS regression; Discriminant analysis 
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INTRODUCTION 

A. flavus and A. parasiticus are among the most intensively studied of all fungi since they 

both introduce a great danger by producing the most potent mycotoxin, namely aflatoxin (AF) 

and due to their role as a causative agent in food spoilage (Bennett, 2010). These opportunistic 

pathogens of crops regularly occur in all-inclusive food supplies but especially seen in oil-rich 

seeds (Diener et al., 1987), like peanuts. A. flavus can be found in non-soil environment, yet A. 

parasiticus is more common soil inhabiting saprophyte (Horn, 2003), and this property 

dominates prevalence of A. parasiticus in peanuts (Diener et al., 1987). There are four major AFs 

called as AFB1, AFB2, AFG1, and AFG2 as B refers to blue color in the fluorescence under 

ultraviolet light and G is for green color. Numbers are representing the relative chromatographic 

migration distance on thin-layer chromatography (TLC) (Klich, 2007). Naturally, A. flavus 

produces AFB1 and AFB2 in wide ranging amounts, so that strains may appear as non-toxigenic 

to extremely potent ones; but A. parasiticus, which can synthesize both B and G AFs, commonly 

found in the form of aflatoxigenic strains (Horn, 2003). 

The importance of AF contamination is obvious when the health consequences were 

considered. The International Agency for Research on Cancer (IARC) lists naturally occurring 

mixtures of AFs as Group I carcinogen (IARC, 1993). Exposure to large doses (>6000 mg) of 

AF was reported to cause acute toxicity with adverse consequences, even death whereas 

exposure to small doses for extended time periods is carcinogenic (Wagacha and Muthomi, 

2008). After implicated  to an incidence of the turkey X disease occurred in early 1960’s 

(Spensley, 1963), AF associated ailments were reported to result in many other outbreaks with 

lots of fatalities (Krishnamachari et al., 1975; Lewis et al., 2005; Lye et al., 1995). Apart from 
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public health outcomes involving high mortality, economical losses are significant since the 

estimated mycotoxin contaminated crops amounts to 25% of the world's food crops (WHO, 

1999).  Besides, in the United States, $932 million of annual loss from wasting the mycotoxin 

contaminated crops and consequent losses for quality control measures summing to additional 

$466 million annually were reported (Dohlman, 2004b). Specifically, annual cost of AF to 

farmers of southeast U.S. peanut industry was reported as $25 million (Lamb and Sternitzke, 

2001). Even the total cost of AF contamination in all extents is hard to assess, considering the 

reduction in crop yields, livestock productivity and both domestic and international trade may 

reveal the fearsome fact about the AF and fungal attack on crops (Murphy et al., 2006). 

Respectively, concerns about the AF hazard on human health urged the authorities and in many 

countries there is a limiting amount for AF when consumed in food or as feed. Even, this value 

varies from country to country, FDA set an action level for AFs at 20 ppb for all foods and 300 

ppb in feed in United States (USFDA, 2009).  

There are several methods to evaluate the toxicity of fungus infected crops; yet use of 

optical methods for detecting and separating crops severely contaminated by fungi have been 

popular since such methods offer a rapid and non-destructive assessment opportunity. Visual 

observations based on exhibition of bright, greenish-yellow (BGY) fluorescence under UV light 

(Shotwell and Hesseltine, 1981) was one of earliest presumptive AF detection test in seed lots, 

which is not a good indicator when the infection is not on the surface (Pasikatan and Dowell, 

2001). 

In the light of the FTIR spectroscopy, many techniques have been developed for the 

study of mold infestation on crops. As an alternative to the old transmission methods, reflectance 

techniques have been suggested for food matrices. One of these techniques, attenuated total 
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reflectance (ATR) was utilized in FTIR investigations and became very popular in a very short 

duration, since it offers a short analysis time and minor sample preparation. Two of such studies 

were conducted by the same research group to detect Fusarium graminearum infection on corn 

with respect to deoxynivalenol (Kos et al., 2002) and ergosterol (Kos et al., 2003) 

concentrations. AF level in peanuts were also examined using ATR accessory (Mirghani et al., 

2001) for four major AFs separately.  

The purpose of the current study is to develop a classification model which can separate 

peanut samples having no or little amount (≤ 20 ppb) of aflatoxin. Additionally, moldy peanuts 

were aimed to be further separated as reasonably toxic, which may be used as animal feed, or 

highly toxic, which needs to be discarded.    

MATERIAL AND METHODS 

Preparation of Aspergillus spp. Invaded Peanut Paste Samples 

The peanut samples were acquired from local supermarkets and stored at 4oC in re-

closable plastic bags until analysis. Peanuts were kept in 1.0% NaOCl for 3 minutes and rinsed 

thoroughly with distilled water to ensure the surface sterilization and get mold-free samples. 

Seeds were placed in moist chambers after contaminating with spore suspensions of 4 different 

Aspergillus spp., which are: A. flavus NRRL 1957(non AF producing mutant), A. flavus NRRL 

3357 (AF producer), A. parasiticus NRRL 21369 (non AF producing UV color mutant), A. 

parasiticus NRRL 5862 (AF producer). Aspergillus spp. were kindly obtained from USDA 

National Peanut Research Lab., Georgia, USA. Spore suspensions were prepared by blending the 

7 days old colonies cultured on potato dextrose agar with distilled sterilized water.  Colonies 

were loosened into water with plastic inoculation loop and suspension was collected into falcon 
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tubes which later filtered through sterile cheese cloth. Initial spore concentration was 5 -6 

LogCFU/mL water, and then ~10µL of suspension was dropped onto individual peanuts. 

Infected peanuts were further incubated in moist chamber until seeds were covered with masses 

of fungi of interest. Highly contaminated peanuts were later blended with pre-sterilized clean 

peanuts on a weight basis to prepare samples of calibration set having varying cell concentrations 

of Aspergillus spp. of interest. Paste was made by grinding raw peanuts with a food processor 

(Butterfly Emerald Mixer, Gandhimathi Appliances Ltd., Tamil Nadu, India) equipped with 

metal cutting blade and stainless steel container. 

FTIR- ATR Spectra 

The infrared spectra of contaminated peanut paste samples were recorded on FTIR 

spectrometer (Nicholet 6700, Thermo Fisher Scientific Inc., Madison, WI, USA) having DTGS 

KBr detector. Sample compartment was equipped with Smart iTR diamond attenuated total 

reflectance (ATR) accessory (Thermo Fisher Scientific Inc., Madison, WI, USA) consisting of 

laminated diamond as crystal material, mounted in stainless-steel plate.  The diamond crystal has 

a reflective index of 2.4 at 1000cm-1 and an angle of incidence of 45 degrees. Spectra were 

collected with the Nicholet Omnic Software (Thermo Scientific). Each spectrum was recorded at 

a resolution of 4 cm-1 in the range of 4000-625cm-1 with 64scans averaged for each spectrum. 

Background measurements were made against air. The crystal was covered during each 

measurement and cleansed by 70% methanol and dried truly. 
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ELISA test 

AF content characterization was performed by ELISA test (AgraQuant Total AF Test Kit, 

Romer Labs, Singapore). Briefly, 20g ground portion of each sample was mixed with 100 ml 

70% methanol extraction solvent for final extraction solvent ratio of 1:5 (w/v) in sealed vials. 

After shaking 2 min, mixture was filtered and the filtrate was directly tested with ELISA kit as 

manufacturer describes.  

Multivariate Data Analysis 

Spectra of invaded peanut paste samples were analyzed using TurboQuant IR calibration 

and prediction software package (Thermo Fisher, Madison, WI, USA). Spectra were normalized 

by subtracting the average spectrum from each calibration spectrum to reduce the dependency on 

magnitude. Mean centered data was furthered filtered to smooth the peaks that resemble random 

noise with Savitzky-Golay smoothing filter by setting the data points to 7 and polynomial order 

to 3rd order (cubic) polynomial for average smoothing of the first derivative of the data. Blends 

of moldy and clean peanut paste samples were prepared as mold concentration values varied 

between 2.5 and 6.0 logCFU/g peanut.  

Discriminant Analysis 

Samples having varying levels of Aspergillus spp. under study were grouped into 3 

batches having mold concentrations of: LogCFU/g ≤ 2.7, LogCFU/g = 3.5-4.5, and LogCFU/g ≥ 

5.0. In the first group ([mold] =LogCFU/g ≤ 2.7), the AF amount remained under 20 ppb. 

Second group ([mold] = LogCFU/g=3.5-4.5) had AF ranging between 60-1200 ppb, while third 

group ([mold] = LogCFU/g ≥ 5.0) had AF more than 1800ppb. Pre-processed (mean-centered, 
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filtered by smoothing the 1st derivative) spectral data of each group were analyzed with 

Discriminant analysis technique using TurboQuant IR calibration and prediction software. 

During calibration, the software computes a mean spectrum and then generates a distribution 

model by estimating the variance at each frequency in the analysis range. Results were presented 

as distance plots in Mahalanobis distance units. 

PLS Regression 

The PLS regression models were developed to transform the raw data into a new set of 

data by extracting a set of latent variables, which have the optimal spectral and concentration 

information.  Number of factors was decided automatically when the predicted residual error 

sum of squares (PRESS) values reached to minimum or leveled off. Adding more factors may 

result in over-fitted calibration models. Contaminated peanut paste samples having AF amount 

up to 1200 ppb were used for PLS model calibration. The performance of developed PLS models 

were evaluated through correlation coefficient of determination (R2), root mean-squared error of 

calibration (RMSEC), and root mean-squared error of prediction (RMSEP). 

RESULTS & DISCUSSION 

Discriminant Analysis 

Four different Aspergillus species, two AF producers (A. flavus NRRL 3357 and A. 

parasiticus NRRL 5862) and two non-AF producers (A. flavus NRRL 1957 and A. parasiticus 

NRRL 21369) were grown on peanut seeds. Seeds covered with fungi of interest were blended 

with clean, pre-sterilized peanuts in order to obtain samples having varying levels of mold 

concentration to train the model. For each species, 23 different samples were prepared  and pre-
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processed spectral data (mean-centering, smoothing the 1st derivative) were classified using 

Discriminant analysis and PLS regression was employed for developing a calibration model with 

respect to AF level. Figure 5.1 shows the average of 3 repetitive reading of clean and 

contaminated peanut samples. AF producer A. flavus and A. parasiticus invaded samples were 

taken as reference to decide on the threshold cell concentration value having 20 ppb AF or lower. 

Generally,  A. flavus are the foremost seen species and commonly contaminates corn, 

peanuts, cottonseed, and treenuts with AFs; however, A. parasiticus is more prevailing in 

peanuts and contributing the AF amount at varying levels (Diener et al., 1987). When AF 

concentrations against the density (CFU/g) of toxigenic A. flavus and A. parasiticus in peanuts 

are compared, AF level remained under 20 ppb when A. flavus cell concentration was lower than 

1000 CFU/g while this value was around 650 CFU/g for A. parasiticus (Figure 5.2).  A. 

parasiticus may produce large amounts of AF in peanuts, because non-aflatoxigenic A. 

parasiticus strains are rare compared to A. flavus strains (Horn, 2003). Even, the toxigenic 

strains of A. flavus and A. parasiticus differ widely with respect to their ability to produce AF for 

different kind of substrates and incubation conditions, in our case, A. parasiticus NRRL 5862 

produced higher amounts of total AF (B and G AFs). Besides, it was shown that A. parasiticus 

grows faster when incubated at room temperature (Horn, 2005), which might explain the higher 

level of colonization on peanuts in this current study. To be on the safe side, limiting value was 

set to the LogCFU of 2.7 (650 CFU/g) and in classification analysis, this group was named as 

“Acceptable” stream (≤ 20 ppb). The organoleptic quality changes started to be visually 

observable when LogCFU value reached to 3.5-4. Thus, second group having mold 

concentration between LogCFU/g=3.5-4.5 was created and named as “Moldy”. Finally, group of 

samples where the fungal invasion was obvious ([mold] = LogCFU/g ≥ 5.0) was decided and 
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called as “Highly Moldy”.  The information provided by distance plot (Figure 5.3) tells us, the 

data points having similar mold density clustered together; even samples were originally infected 

with different Aspergillus spp. In other words, no matter which Aspergillus species (AF producer 

or not) invaded the peanut kernels, clustering happened in regard to amount of the mold.  In this 

analysis, 10 principle components were used and 99.1% variability was described; and all of 

samples (n=165) were classified correctly. This result proves that FTIR system coupled with 

ATR accessorize can be utilized to discriminate samples having AF 20 ppb and lower as safe 

stream.  

Within the second group ([mold]= LogCFU/g=3.5-4.5), some of the samples were 

invaded with non-aflatoxigenic strains of Aspergillus spp. (A. flavus NRRL 1957 and A. 

parasiticus NRRL 21369); and there were some, which have AF level 300ppb or lower which is 

the limiting value for crops to be utilized as feed in USA (USFDA, 2009). Thus, second group 

(n=70) was further classified into 3 streams: “Moldy”, which has only non-aflatoxigenic strains; 

“Toxic”, which has AF contaminated peanuts but lower than 300ppb; and “Highly Toxic”, which 

has samples with AF amount higher than 300 ppb. Figure 5.4 illustrates the resulting 

Discriminant analysis as distance values, and evidences that AF in peanut paste samples 

dominates with respect to spectral measurements and leads to segregation of samples even at low 

levels of between  20and 300 ppb. The distance between data points of samples having AF more 

than 300 ppb and the other data points in the cluster is greater than the other two classes. In this 

classification method, 10 principle components were used and 98.8% variability was described. 

Additionally, the last group of highly moldy samples ([mold] = LogCFU/g ≥ 5.0) were 

loaded into Discriminant analysis tool for further division into “Moldy” and “Highly Toxic” 

streams. What is expected was to see dominancy of fungal growth at such an advanced stage of 
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deterioration, but according to Figure 5.5, the secondary metabolite of AF increased the 

similarity within the spectral data and, again, caused gathering samples contained high level of 

AF together and resulted in high degree of separation of these data points from the non-toxic 

ones. As well, similar secondary metabolites produced by strains even from different taxon were 

reported to be clustered together, before (Fischer et al., 2006). Likewise, 99.6% of the total 

spectral variation was described by using 10 principle components to calibrate the active 

Discriminant analysis method.  

PLS Regression 

Mean-centered and filtered via smoothing the 1st derivative of the spectral data were 

loaded into PLS tool and models were developed for AF amount in contaminated peanuts in 

order to obtain a quantitative analysis methods and to demonstrate the active portion of the 

spectrum with respect to calibration and variation spectra (Figure 5.6). Variations were usually 

observed in protein related bands, while fat associated peaks gave maxima at correlation spectra 

for both A. flavus NRRL 3357 and A. parasiticus NRRL 5862, as expected. This could be due to 

protein bands (amide I and amide II) showing a non-linear behavior; whereas fat hydrolysis 

showing linear correlation with fungal density.  AF amount in selected samples were ranging 

between 0-1200 ppb. To construct PLS as a linear predictive model, 33-35 data points for 

training set and 13-8 data points for prediction set were used for the component amounts based 

on the spectrum data of A. flavus NRRL 3357 and A. parasiticus NRRL 5862, respectively. Each 

spectrum was comprised of measurements at 7,002 different frequencies. The PLS factors were 

computed as linear combinations of the absorbance values, and the responses were predicted 

linearly based on these extracted factors. The resulting statistics were summarized in Table 5.1 

and actual versus FTIR predicted AF graphs were illustrated in Figure 5.7 and 5.8. The R2 values 
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of training and prediction sets for both Aspergillus species were 1 and/or close to 1 and RMSEC 

values were reasonable if current system is aimed to be used as analytic method for AF 

determination. Relatively higher RMSEP values, which is indicative of predictive power of the 

models, for both species may restrict the usage of FTIR-ATR system as an analytic tool; but, 

knowing that A. flavus and A. parasiticus have a tendency to aggregate in some regions of the 

field rather than even distribution (Horn, 2003); also, AF contamination in one kernel may reach 

up to 1,000,000 ppb (Pasikatan and Dowell, 2001) makes the prospect of FTIR usage as a 

valuable tool. Such a designed sorter may avoid ruining the whole lot just because of a few 

highly contaminated kernels. Also, detecting methods to track and decontaminate these bio-

agents before spreading-out to the whole lot is very important. In the % distance diagrams 

(Figure 5.7 and 5.8), the predictive set data points were dispersed more widely, designating an 

over-fit of calibration models for both organisms under study. Relative distance values were 

calculated as: ((calculated - actual) / actual) x 100. 

Interpretation of IR spectrum  

Interpretation of IR spectrum is inclusive, as chemical complexes vary so as the spectra. 

In other words, the IR spectrum combines the entire information about the molecular structures 

of studied complexes; and peanuts, AFs and their source fungi are all have complex structures 

and represent highly unsaturated molecules which may lead to observe characteristic bands at the 

same regions (Table 5.2). The strong peaks belong to coumarin moiety (C=O stretch of ketone) 

at 1770cm-1 (1725 for G AFs) would be used for examining the AFs in peanuts (Billes et al., 

2006; Heathcote and Hibbert, 1978). However, the carbonyl stretching of esters of triglycerides 

in peanut matrix dominates in this region; and as fungal growth proceeds, the lipid hydrolysis 

takes place, which later dominates in the same region. As the fungal invasion progresses, the 
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lipid breakdown product of free fatty acid content increases by the activity of lipase which can be 

observed as an increased peak height at 1710 cm-1 (Ismail et al., 1993). Previously, increased free 

fatty acid content through fungal growth has been suggested as an indicator of grain deterioration 

(Bothast, 1978) and used for sorting the internally moldy peanuts out by near infrared (NIR) 

spectra (Hirano et al., 1998). Consequently, enzymatic degradation of triglycerides caused a 

decline at fatty acid ester linkage (–C=O) centering at 1743cm-1. Similarly, another fat associated 

band of C-O stretching at 1160 cm-1 showed a steady decrease with respect to fungal 

deterioration of peanuts. The –C-H of the methylene and methyl groups of the fatty acids 

centering at 1464 and 1378 cm-1, also, showed a slight decrease (Guillen and Cabo, 1997b). 

Same region includes skeletal vibrations of C-C ring stretching, and –C-H bending within the 

ring structure and methyl group of AF (Billes et al., 2006; Heathcote and Hibbert, 1978) but 

because of the high-heterogeneity in peanut compounds and the relatively small amount of AF 

standards in peanut samples, no significant change in spectra was observed in the specified 

regions.  Sugars provide carbon source for both A. flavus and A. parasiticus, and before or 

simultaneous drop in sugar concentration with triglyceride hydrolysis through metabolism of 

Aspergillus were reported (Mellon et al., 2000; Mellon et al., 2002). Sugar metabolism can be 

observed as slight changes in the region between 1200 and 900 cm-1, which is referred as ring 

vibrations of oligo and polysaccharides (Naumann, 2000). The protein structure of peanut 

samples before and after Aspergillus invasion followed a consistent trend (at 1652 cm-1 and 1538 

cm-1): first a drop in peak height was observed, and then steadily raised to its initial value. This 

results agrees with literature and indicates fungal hydrolysis of host protein first, followed by 

synthesis of fungal proteins from building blocks during advanced stages of deterioration 

(Bothast, 1978). 
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CONCLUSION 

Results of current study demonstrates the potential usage of FTIR-ATR system as a rapid 

and non-destructive qualification method for detection of fungal infected peanuts as a function of 

mold density. Defined system can separate contaminated peanuts even the organoleptic 

alterations as a consequence of fugal invasions were not visually observable; plus at such a low 

level of invasion the AF amount remains under legislative limit of 20 ppb. In this study, what is 

measured was mainly the chemical footprints of fungal invasion, not the mold of interest, 

especially at low level of growth.  Thus, even the mold is not present in the samples anymore, 

chemical deteriorations can be determined by considering the hydrolysis of lipid content of 

peanut which is the best reason describing the changes in FTIR spectra. Protein deterioration of 

substrate peanut followed by synthesis of fungal protein was also observable in spectral meaning. 

More excitingly, the automated differentiation of moldy peanut kernels individually as non-toxic 

and toxic streams, according to the level of AF, can be achieved by using FTIR with ATR in 

mid-infrared region. This may help to reduce the economic losses as the only moldy but not toxic 

stream may be utilized as animal feed.    
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Figure 5.1: Averaged spectrum of 3 repetitive measurements of peanuts invaded with 

Aspergillus species and clean peanut. 
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Figure 5.2: Total aflatoxin amount interpolated against cell count: (∆): A. parasiticus 

NRRL5862; (○): A. flavus NRRL 3357 
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Figure 5.3: Distance plot of classification model of moldy and clean peanut samples in 

Mahalanobis distance unit. Classification was performed with respect to cell count: (□): 

Acceptable (mold count lower than 2.7 LogCFU/g peanut); (∆): Moldy (mold count between 3.4 

and 4.5 LogCFU/g peanut); (○): Higly Moldy (mold count more than 5.0 LogCFU/g peanut)  
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Figure 5.4: Distance plot of classification model of invaded peanut samples having 3.5-4.5 

LogCFU/g mold concentration (in Mahalanobis distance unit). Class names are: (∆): Moldy (AF 

free); (○): Toxic (AF level is between 20-300ppb); (□): Highly Toxic (AF level is between 300-

1200ppb) 
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Figure 5.5: Distance plot of classification model of moldy peanut samples having more than 5.0 

LogCFU/g mold concentration (in Mahalanobis distance unit). Class names are: (∆): Moldy (AF 

free); (○): Highly Toxic (AF level is 1200-9000bbp) 

 

 

 



123 
 

 

Figure 5.6: Correlation and variance spectrum of A. flavus NRRL 3357 and A. parasiticus 

NRRL 5862  
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Figure 5.7: (a): Actual versus predicted aflatoxin amount in A. flavus NRRL 3357 invaded 

peanut paste samples; (b) Difference between the calculated and the actual AF amount relative to 

the actual aflatoxin amount versus actual aflatoxin amount. (○) training set data points; (□) 

prediction set data points. 
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Figure 5.8: (a): Actual versus predicted aflatoxin amount in A. parasiticus NRRL 5862 invaded 

peanut paste samples; (b) Difference between the calculated and the actual AF amount relative to 

the actual aflatoxin amount versus actual aflatoxin amount. (○) training set data points; (□) 

prediction set data points. 
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Table 5.1: Calibration and prediction regression statistics for A. flavus 3357 and A. parasiticus 

with respect to aflatoxin level. Partial Least Squares were calculated with the SIMPLS algorithm 

for training/prediction sets after preprocessing (mean-centering, smoothing the 1st derivative) the 

spectral data. 

 A. flavus NRRL 3357 A. parasiticusNRRL 5862 
# of Factors 9 10 
Slope 1 1 
Intercept 0.0073 0.0061 
R2

C (%) 1 1 
RMSEC (ppb) 1.79 1.46 
R2

P (%) 99.88 99.94 
RMSEP (ppb) 12.3 9.24 
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Table 5.2: Functional groups and vibration modes assigned for Aspergillus growth, aflatoxin 

incidence and peanut matrix in fingerprint region of 1800-800 cm-1 (Billes et al., 2006; Guillen 

and Cabo, 1997b; Heathcote and Hibbert, 1978; Naumann, 2000)  

Frequency range Mode of Vibration  
1800-1700 cm-1 C=O stretching of carbonyl groups (ketone, esters and acids)  

1690-1485 cm-1 

C=O, C–N stretching of amide I 

N–H, C–O bending and C–C, C–N stretching of amide II 

C=C (ring) stretching, C-C, C-O bending of AF 

1485-1425 cm-1 
C-C (ring) stretching and C-H (ring) bending of AF 

Stretching of –C–H of the CH2 and CH3 aliphatic groups of fatty acids 

1410-1330 cm-1 Symmetric–C–H bending of  methyl group  

1200-1000 cm-1  
 

–C–O, –CH2– stretching, bending 

-C-H bending, (out of plane) & C-O, C=C (ring) stretching of AF  

Ring vibrations of carbohydrates 
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ABSTRACT 

Aspergillus colonization on peanuts is a growing concern, as it results in reduced crop 

yields or livestock productivity due to consumption of contaminated feed; and most importantly 

since they are famous as causative agents of opportunistic infestation in man. In order to defeat 

and evaluate peanuts suffering from Aspergillus infection, it is essential to establish proper 

technique and track the quality of peanuts at both farm and market levels. This study focuses on 

usage of Fourier transform mid-infrared spectroscopy (FTIR) with a non-invasive reflectance 

apparatus, photoacoustic spectroscopy (PAS) to identify and separate infected peanuts based on 

spectral characteristics of infrared radiation on peanuts. The Discriminant Analysis classification 

technique was developed to predict the group of healthy peanuts by computing the distance from 

the mean point in Mahalanobis distance units. The spectral ranges between: 3600-2750, 1800-

1480, 1200-900 cm-1 were assigned as the key bands and corresponding vibration modes and 

intensities were labeled. All healthy peanuts (15 healthy/ 69 total peanut pods) were successfully 

separated from moldy ones. Extended separation was applied to discriminate aflatoxin producing 

strains of A. flavus and A. parasiticus and 87% of moldy group correctly separated as only moldy 

or toxic streams.  

 

Keywords: FTIR-PAS; Peanut; Aspergillus species; Discriminant analysis 
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INTRODUCTION 

Aspergillus is a genus consisting of several species and spread worldwide as they can 

grow in various climates. Among many of the known species, some of them are utilized in 

biotechnology as a extracellular enzyme producer, like A. niger; but they also possess health 

hazard as being source fungi of mycotoxins (Bennett, 2010). Especially, Aspergillus species in 

section Flavi together with black fungi, A. niger are common contaminants of oil-rich seeds 

(Diener et al., 1987; Horn, 2005) like peanuts. Peanut (Arachis hypogaea) is one of the most 

vulnerable crops to Aspergillus spp.  contamination (Kaaya et al., 2006), since seed develops 

underground, that’s why they are also called as groundnut, monkey nut, goober, or earth nut 

(Caballero, 2003). Soil is the primary inoculum for Aspergillus spp., thus invasion of seed by 

these species before harvest is common (Horn, 2005).  A. flavus together with A. parasiticus are 

the most commonly seen opportunistic pathogens in section Flavi, additionally they are the 

producers of the most potent mycotoxin, namely aflatoxin, in peanuts (Paterson, 2006; Pitt, 

2000).  

There are thousands of studies about aflatoxins and the potential hazards as contaminants 

in food and feed. The most conspicuous property of these agents is their carcinogenic and 

mutagenic potential when exposed for prolonged times. The ability of reducing resistance to 

infectious diseases by suppressing immune response  is now widely considered to be the most 

important effect of aflatoxins, particularly in developing countries (FAO/IAEA, 2001). Besides, 

aflatoxin contamination possesses a great economic burden in countries where economy mostly 

relies on agriculture. For example, the annual cost of aflatoxin to farmers of southeast U.S. 

peanut industry was reported as $25 million (Lamb and Sternitzke, 2001). Even the total cost of 

aflatoxin contamination in all extents is hard to assess, considering the reduction in crop yields, 
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livestock productivity and both domestic and international trade may reveal the fearsome fact 

about the aflatoxin and fungal attack on crops (Murphy et al., 2006). 

Other important Aspergillus species commonly found in peanuts are A. caelatus (Horn, 

1997), A. tamari (Horn et al., 1996), A. alliaceus, which have recently been placed in section 

Flavi (Peterson, 2008), and A. niger from section Nigri. None of these species are aflatoxigenic 

but may produce other dangerous mycotoxins.  

Optical methods for detecting and separating seeds severely contaminated by fungi have 

been widely studied, mainly focusing on changes (differences or ratios) in spectral characteristics 

of fluorescence (Farsaie, 1977; McClure and Farsaie, 1980; Tyson and Clark, 1974), 

transmittance and reflectance in the visible and near infrared regions (Hirano et al., 1998; 

Pearson et al., 2001; Pearson et al., 2004). In the last two decades, photoacoustic application in 

FTIR evolved and this system has been successfully used in detection of mold infestation in 

agricultural products, especially in corn (Gordon et al., 1997; Greene et al., 1992) and bacterial 

spores (Thompson et al., 2003) or for some microorganisms (Irudayaraj et al., 2002). This study 

aims to describe the spectral features of Aspergillus spp. invasion on peanut seeds using 

sophisticated yet simple form of photoacoustic spectroscopy and measure the discriminative 

power of FTIR-PAS system for classification of aflatoxigenic strains.  

 

MATERIAL AND METHODS 

Aspergillus spp. spore solution preparation 

Eight different strains, namely: A. alliaceus NRRL 4181, A. caelatus NRRL 25528, A. 

flavus NRRL 1957(non aflatoxin producing mutant), A. flavus NRRL 3357 (aflatoxin producer), 

A. parasiticus NRRL 21369 (non aflatoxin producing UV color mutant), A. parasiticus NRRL 
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5862 (aflatoxin producer), A. tamari NRRL 20818 and A. niger NRRL 326 were kindly obtained 

from USDA National peanut Research Lab., Georgia, USA. Conidia of each strain from stock 

cultures were first inoculated on potato dextrose agar and incubated at room temperature for 7 

days to enable significant sporulation to take place. After incubation, 5 ml of sterile distilled 

water was aseptically added to each plate. A sterile plastic inoculation loop was used to loosen 

the colonies from the PDA plates. The suspension created was then filtered through sterile 

cheese cloth into a sterile 50 ml capacity Falcon tube. 

Infecting peanut seeds with Aspergillus spp. 

Smooth, blanched, Virginia peanuts were obtained from local retailers and stored at 4oC 

in re-closable plastic bags until analysis. Peanut seeds were surface sterilized before inoculation 

treatment using 1.0% NaOCl for 3 minutes and rinsed thoroughly with distilled water. After 

removing the excess water with pre-sterilized paper towel, each seed was placed into moist 

chamber and 10 µl spore suspensions (105-106 CFU/ml) were dispersed onto surface sterilized 

peanut seeds to get infected seeds with varying strains of genus Aspergillus. Samples of intact 

peanut seeds were collected after 5 days of incubation in moist chamber. Collected samples were 

dried in desiccator cabinet with drierite for 3 days before measurement in PAS system in order to 

eliminate the water not to influence the spectral readings. Fungal mycelium were scraped off the 

peanut surface and packed into sample holders to get spectra for fungi of interest (Figure 6.1.). 

The masses of fungus were wiped off before loading the peanut seeds into PAS system to avoid 

contamination of detector during purging the sample compartment with helium gas (Figure 6.2). 
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FTIR- PAS Spectra 

The infrared spectra of contaminated peanut paste samples were recorded on FTIR 

spectrometer (Nicholet 6700, Thermo Fisher Scientific Inc., Madison, WI, USA) equipped with 

PAC 300 Photoacoustic E.S.P. accessory (MTEC, Ames, IA, USA). Spectra were collected with 

the Nicholet Omnic Software (Thermo Scientific). Each spectrum was collected as absorbance 

from 120 scans through the frequency region of 4000-650cm-1 at a resolution of 4cm-1 and a gain 

of 8.0. Background measurements were made against carbon black. Sample compartment was 

purged with helium gas to reduce water vapor and CO
2 
in the sample chamber to avoid spectral 

influences. Stainless steel sample cups were filled with small portions of fungal mycelium until 

the rim of brass cup holder. 

 ELISA test 

Aflatoxin content characterization was performed by ELISA test (AgraQuant Total AF 

Test Kit, Romer Labs, Singapore). Briefly, each seed weighted and 70% methanol extraction 

solvent was added keeping the final extraction solvent ratio of 1:5 (w/v) in sealed vials. After 

shaking 5-10 min, mixture was filtered and the filtrate was directly tested with ELISA kit as 

manufacturer describes. 

Discriminant Analysis  

Spectra of invaded peanut seeds were analyzed using TurboQuant IR calibration and 

prediction software package (Thermo Fisher, Madison, WI, USA ). Spectra were normalized by 

subtracting the average spectrum from each calibration spectrum to reduce the dependency on 

magnitude. Mean centered data was further filtered to smooth the peaks that resemble random 

noise with Savitzky-Golay smoothing filter by setting the data points to 7 and polynomial order 

to 3rd order (cubic) polynomial for average smoothing of the first derivative of the data. Each 
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peanut seed was characterized separately and classified according the presence of mold, no 

matter infected with which species, as “Moldy” peanuts. Separation was tried to be detailed by 

analyzing moldy peanuts according to possessing aflatoxicity. Two aflatoxigenic strains of A. 

flavus and A. parasiticus grouped in “Toxic” class and loaded into Discriminant analysis tool. 

The distance values were computed from each class center in Mahalanobis distance units. During 

calibration, the software computes a mean spectrum and then generates a distribution model by 

estimating the variance at each frequency in the analysis range. Results were presented as 

distance plots. 

RESULTS AND DISCUSSION 

Spectral Readings of Aspergillus spp.  

The spectral features of masses of mycelia packed into sample holder of different species 

of Aspergillus were illustrated in Figure 6.3.  Some spectral ranges were dominated with certain 

chemical alterations such as bands centering at: ~3300 cm-1 O-H stretching of water (but N-H 

stretching of amide A of proteins gives rise at the same region); ~2925 cm-1 C-H asymmetric 

stretching of methylene group of fatty acids; ~1650 cm-1 C=O, C–N stretching of amide I; ~1542 

cm-1 N–H, C–O bending, C–C, C–N stretching of amide II; ~1480-1180 cm-1 bending vibrations 

of methyl and methylene groups of fatty acids; and ~1200-900 cm-1 C-O stretching of 

polysaccharides (Beekes et al., 2007; Irudayaraj et al., 2001). When Discriminant analysis was 

applied to differentiate the Aspergillus species, 3D scatter plot of PC1, PC2 and PC3 scores 

presented a well separation with 95% correct classification (Figure 6.4) using 9 principle 

components. Here, the sample size (n=20) was limited to reach a concluding remark but still, 

clustering of different species away infers the potential of FTIR-PAS system coupled with 

multivariate statistical techniques to characterize different species of genus Aspergillus. 
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Likewise, Irudayaraj and his co-workers examined the discrimination power of photoacoustic 

spectroscopy on different microorganisms from bacteria to yeast and fungi, the ones commonly 

found on apple surfaces as contaminants and 100% correct classification was reported 

(Irudayaraj et al., 2002).  

Spectral Range Selection for Classification and Interpretation of Key Bands 

The main purpose of the current study was to study the infrared features that best 

describe the changes in spectra due to fungal metabolism, and measure the accuracy of the FTIR-

PAS system in classification and expression of fungal deterioration on peanuts. The spectral 

windows where alterations gave maxima (Figure 6.5) were determined and listed below: 

1- Peak shift at 3650-3030 cm-1 and overall band elevation: This region hosts to –NH2 

stretching of amide A centering at and ~3200cm-1, but this broad band usually masked with 

hydroxyl group stretching centering around ~3500cm-1. The shift through lower wavenumbers 

(from 3345 cm-1 for clean samples to 3300 cm-1 for moldy samples) was reported as a result of 

increased level of protein content from fungal growth. Additionally, overall band elevation was a 

noticeable characteristic for A. flavus infection on corn. This change was associated to increased 

amino acid level which may lead higher levels of hydrogen bonded carboxyl groups (Gordon et 

al., 1997). 

2- Peak at 3008 cm-1 decreases: The area of the peak around 3008 cm-1 representing the 

cis double bond stretching of =C-H of unsaturated fatty acids, was decreased, probably as a 

result of lipid hydrolysis. This peak has been used for the determination of degree of unsaturation 

of fats and oils (Guillen and Cabo, 1997b). 

3- Corrected peak ratio at 2923/2850 cm-1 decreases: The distinct peaks at 2922 and 2853 

cm-1 are the asymmetrical and symmetrical stretching of methylene group (–CH2) of the fatty 
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acid backbone.  Both were dropped due to hydrolysis reaction but rates were different which 

resulted in decrease in absorbance ratio of 2923/2850 cm-1 (Gordon et al., 1997). 

4- Corrected peak ratio at 1745/1710 cm-1 decreases: The most prominent spectral change 

was observed as decrease in peak height of the fatty acid ester linkage (-C=O) centering at 

1743cm-1 and increase in -C=O stretching of free fatty acids (FFA). Lipid hydrolysis has always 

been a good indicator of mold infestation(Bothast, 1978), and increased level of breakdown 

product of FFA content has been used for determination of the level of grain deterioration 

(Ismail et al., 1993).   

5- Peak area increase under the ranges of 1700-1580 cm-1 (amide I) and 1580-1480 cm-1  

(amide II): It was previously found that fungus can hydrolyze the proteins of host crop to use 

produced building blocks to form its own protein structure at advanced level of infection 

(Bothast, 1978). Thus, in our findings, both amide I and amide II group spectral features raised in 

Aspergillus spp. invaded peanuts.  

6- 1200-900cm-1 overall band elevation: This region was designated as C-O (ring) 

stretching of carbohydrates (Beekes et al., 2007), and general drop due to the sugar consumption 

of fungus as carbon source for its metabolic activities was expected. However, for all Aspergillus 

spp. studied, a general band elevation was observed. This might be related with the degree of 

deterioration of fungal invasion. Mellon et al. (2002) reported a simultaneous degradation of 

sugars and triglycerides and at some point of fungal growth, building blocks of reducing sugar 

glucose and free fatty acid content reached to maxima. Later these building blocks were used in 

fungal metabolism and showed a steady decrease (Mellon et al., 2002). Bearing the rise in FFA 

peak a 1710 cm-1, reducing sugar increase becomes expected.  
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Discriminant Analysis and Classification 

Mahalanobis distances were computed for clean and infected peanut seeds with 

Aspergillus spp. using Discriminant analysis algorithm. 15 seeds served as clean stream, and 

there were 54 samples infected with different species of Aspergillus. Mold was allowed to grow 

until mycelia covered the whole seed. Thereafter, surface of the peanuts were cleaned before 

analyzed with PAS. Figure 6.2 shows growth progress of 4 different Aspergillus spp., and 

compares the colors before and after cleaning. One of the most common traditional peanut 

processing procedures for aflatoxin control is the manual separation of visibly diseased grains 

(Desjardins et al., 2000; Fandohan et al., 2005; Jouany, 2007). Even the results of this post-

harvest strategy shows that sorting can reduce the risk of aflatoxin exposure, the results are very 

subjective to participants; thus the reliability is questionable. Especially after wiping the fungi 

off the surface of peanuts, there was no visually observable or significant color change indicating 

the level of infection. In other words, a person may not distinguish highly contaminated and 

clean peanut by eye but FTIR can, because even fungus is no longer present in the sample, the 

chemical footprints will be there which can be detected easily with FTIR-PAS system. 

Discriminant analysis resulted in 100% correct classification and 15 out of 69 clean samples 

were separated fully, 5 principle components were used and 92.5 % variability was described. In 

order to extend the classification study, aflatoxigenic strains of A. flavus NRRL 3357 and A. 

parasiticus NRRL 5862 were named as “Toxic” stream. 7/69 standards were misclassified, 10 

principle components were used and 96.5 % variability was described (Figure 6.7); two of the 

misclassified samples were false positive (misclassified as moldy, while they are toxic) and 5 of 

them were false negative (misclassified as toxic while true class was moldy). Apparently, similar 
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secondary metabolites of aflatoxin contributed the spectra and led clustering of two different 

species together as reported elsewhere (Fischer et al., 2006). 

CONCLUSION 

These results proved that a non- invasive reflectance technique, photoacoustic 

spectroscopy (PAS), is an excellent sensor for fungal infestation. The detected signal in PAS 

system is proportional to the concentration of sample material, thus, this system can also be used 

for quantitative studies. In current study, species level of separation was not obtained but owing 

to the contributions of aflatoxin to the spectral readings, peanut seeds were separated as toxic 

stream when they carry aflatoxigenic strains or moldy when they were infected with non-

aflatoxigenic species of Aspergillus. Developed system can easily be adapted to field 

measurements as a sorter for safer peanuts. 
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Figure 6.1: Illustration of loading Aspergillus spp. mycelium scraped off peanut surface into 

stainless steel sample holder cups. 
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Figure 6.2: Aspergillus spp. growth on peanut seeds. 1st row: A. niger NNRL 326; 2nd row: A. 

caelatus NRLL 25528; 3rd row: A. tamari NRRL 20818 ; 4th row: A. alliaceus NRRL 4181 (a) 

Selected Aspergillus spp.  growing on peanut seed; (b) After wiping off the fungi before loading 

into PAS system. 
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Figure 6.3: Average spectrum of mycelium of each Aspergillus spp. studied. 
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Figure 6.4: PC score plot of 8 different Aspergillus species: (▲) A. niger NRRL 326; (●) A. 

flavus NRRL 3357; (*) A. flavus NRRL 1957; (○) A. parasiticus NRRL 5862; (◆) A. parasiticus 

NRRL 21369; (x) A. alliaceus NRRL 4181; (∆) A. caelatus NRLL 25528; (+) A. tamari NRRL 

20818 
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Figure 6.5: Mean of FTIR-PAS spectra of moldy (blue line), clean (purple line) and within class 

standard deviation (red line). 
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Figure 6.6: Distance plot of classification model of invaded peanut in Mahalanobis distance 

units. Class names are: (○) Moldy (Aspergillus invaded peanut seeds); (□) Clean peanut seeds 
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Figure 6.7: Distance plot of classification model of invaded peanut in Mahalanobis distance 

units. Class names are: (◊) Moldy (non-aflatoxigenic species of Aspergillus); (□) Toxic 

(aflatoxigenic species of Aspergillus); (○); Clean 
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CHAPTER 7 

 

SUMMARY AND CONCLUSIONS 

 

Aflatoxin is the most potent mycotoxin and since the first reported outbreak occurred in 

early 1960’s, thousands of studies were conducted to find out ways to decrease or eliminate the 

deleterious effects of aflatoxin on human and animal health when consumed in food or feed in 

addition to losses in economy when domestic and international trade is concerned. The scenario 

is much worse for developing African countries, where socio-economic insufficiency, lack of 

proper agronomic practices and conflicted enforcement of food safety legislation are regular 

problems. Thus, inhabitants of East-African developing countries, especially Ugandan and 

Kenyan, are being subject to a heavy dietary exposure of aflatoxin. Among many emerging 

techniques to measure the aflatoxin level in commodities, vibrational spectroscopy has been very 

popular as it offers a non-destructive and rapid assessment. The main objective of the current 

study was to provide a FTIR based methods that can be used for evaluation of peanut quality and 

be able to separate peanuts when infected with the most commonly found peanut pathogens of 

Aspergillus spp.  

For this, aflatoxin as a chemical contaminant was added to the peanut paste samples in 

varying concentrations (0-200 ppb), and spectral changes were recorded. Major peaks 

representing the structural vibrations of peanut were selected and results were ranked to 

determine spectral features describing contributions of aflatoxin molecules in bulk peanut paste 

medium. In this study, relatively large error values  were found, still 95% of the samples were 
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correctly classified while the percentage of false negative  and false positive identifications were 

16% and 0%, respectively (model success is in agreement with the literature). The problem was 

that major components of peanut masked the properties of minor input of aflatoxin and this led to 

very similar spectra.  

This problem was conquered by preparing naturally contaminated peanut paste samples. 

It was thought that fungal infection of peanut kernels and consequent aflatoxin biosynthesis can 

more readily be detected: as mold grows, there will be a chemical footprint because of the 

metabolism. As expected, triglyceride hydrolysis of peanut, degradation of protein content of 

peanuts followed by subsequent fungal protein synthesis at extensive colonization levels and 

steady sugar consumption as carbon source for metabolic activities of fungi were all observable 

in spectral readouts. Fat associated bands gave perfect linear correlation with respect to mold 

concentration, while protein related peaks followed a non-linear trend.  This information helped 

to construct a classification technique to separate samples infected with different species of 

Aspergillus as colonist. The threshold mold density value was found as 2.5 LogCFU/g peanuts 

for separation of safe peanuts which may contain aflatoxin but lower than 20ppb. When cell 

concentration value reached to 10,000 organoleptic quality deformations started to be 

observable, same point gave full discrimination of Aspergillus spp. at species level.  

Further, in the third part of the study, classification specifications were detailed to see 

whether aflatoxin producers may be separated from other species. Like the previous findings, the 

clean peanuts (which was defined as 2.7 LogCFU/g peanut and lower) was separated as 

acceptable stream. In the range of LogCFU/g=3.5-4.5, all of the samples (n=70) were classified 

correctly as moldy, toxic and highly toxic representing the samples having no aflatoxin, aflatoxin 

amount between 60-300 ppb and aflatoxin amount more than 300 ppb, respectively. This study 
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proved the success of FTIR based models in separation of aflatoxigenic and non-aflatoxigenic 

strains of species. Also, measuring the fungal growth, rather than aflatoxin itself as a chemical, 

gave more reliable results. What is measured was mainly the chemical remaining of fungal 

metabolism, especially at low level of fungal invasion. At later stages of fungal infection, mold 

of interest started to be prevalent in the spectrum. This result shows that, even  mold is no longer 

present in the samples, chemical deteriorations can be determined by considering the hydrolysis 

of lipid content of peanut which is the best reason describing the changes in FTIR spectra. With 

the developed methodology, limiting detection level was set to 20ppb for aflatoxin (LogCFU= 

2.7 and lower) either peanut is infected with A. flavus or A. parasiticus. The sensory properties 

like color significantly changed when LogCFU values reached to 3.5-4. Results are indicating 

that automated separation of peanut kernels individually as acceptable, moldy or toxic streams 

can be achieved by using FTIR with ATR in mid-infrared region.  

Similarly, FTIR-PAS system worked when peanuts were contaminated with Aspergillus 

spp. rather than aflatoxin itself. This system didn’t give as sensitive results as ATR did, still 

100% correct identification of clean peanut seeds was attained. 

FUTURE WORK 

Current information proved that there is a strong relationship between aflatoxin as a 

chemical and lipid associated spectral bands. Previous preliminary studies, also, verified that as 

the aflatoxin increases correlation between the lipid oxidation related peaks and degree of 

oxidation decreases. Thus, the effect of aflatoxin on lipid content of the peanut needs to be 

investigated deeply.  
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For more global usage of developed models, sample preparation (grinding time, water 

activity of peanut samples after drying, storage temperature, etc.) steps need to be standardized. 

By this way, developed model can directly be implemented in filed studies.  

Furthermore, using the information gathered from classification studies, sorters may be 

designed to learn more about the separation capacity of current technique when used in the filed 

with naturally contaminated samples. Such a sorter may be applied directly in small peanut fields 

of Uganda or Kenya, as an alternative to manual separation of visibly diseased grains, which is a 

common practice after harvest in these countries. The effect of adoption of this technology on 

constrains associated with management aspects of growing and processing crops may be another 

research subject. 

 


