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ABSTRACT

Background: Fingermarks� can� be� used� to� pro𿿿le� donors� by� providing� details�
about their gender, age, lifestyle, and interaction with illegal substances. Chemical 
constituents� in� the� 𿿿ngermarks� can� reveal� signi𿿿cant� information� about� the�
𿿿ngerprint’s�origin,�which�is�particularly�bene𿿿cial�in�situations�where�the�donor’s�
identity is unclear or the print is smudged, deformed or unclear. 
Aim: To study the�exogenous�and�endogenous�substance�present�in�the�𿿿ngermarks�
of individuals with respect to their lifestyles.
Material and Methods: In� this� study,� the� latent� 𿿿ngermarks� donated� by� 42�
individuals of Jhansi, Uttar Pradesh, India were analyzed using Gas Chromatograph 
Mass Spectrometry to determine the exogenous and endogenous constituents 
present respectively.
Results: Multivariate technique of Principal Component Analysis was applied on 
the GC data. Further, Hierarchical Cluster Analysis and K means Cluster technique 
were applied on the results of PCA, to validate the results. PCA showed that the 
high-dimensional data could be summarized in a few principal components, 
with� the� 𿿿rst� two� components� capturing� over� 27%� of� the� total� variance.� The�
biplot showed that the samples are not randomly distributed but instead form 
discernible groups, with some samples being chemically similar and other samples 
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INTRODUCTION
Latent� or� invisible� 𿿿ngerprints,� which� are�
the most prevalent kind discovered at crime 
scenes, are mostly made up of substances 
generated by the sebaceous and eccrine glands 
as well as exogenous contaminants.1 Lipid 
and aqueous components combine to form 
latent� 𿿿ngerprints.� This� residue� is� primarily�
made up of secretion from the apocrine and 
eccrine glands, as well as secretions from the 
sebaceous� and� epidermis.� A� 𿿿ngerprint�may�
contain hundreds of different endogenous 
chemical species, such as lipids, proteins, 
amino acids, salts, and water. There are also 
often trace levels of exogenous contaminants, 
which come from touching things like food 
or oil or from treating the skin and hair with 
cosmetics. For criminal investigations, certain 
of these contaminants like illegal drugs and 
explosives residues are crucial.2,3

The majority of the information available 
about the skin secretion composition in latent 
𿿿ngerprints� is� derived� from� the� medical�
literature rather than the distinct combination 
found�on�the�𿿿ngertips.4-8 Furthermore, not all 
the� substances� on� a� 𿿿ngertip� are� transferred�
in� a� single� contact;� 𿿿ngerprint� pressure,�
contact time, surface type, and temperature all 
inÁuence�the�mechanical�transfer�of�substances�
from� the� 𿿿ngertip� to� a� surface,�which� affects�
the�composition�of�a�𿿿ngerprint.9,10

Latent� 𿿿ngerprint� composition� can� vary�
signi𿿿cantly� between� individuals� (intra-
variability) and between individuals (inter-
variability). Several factors can lead to 
differences� in� a� 𿿿ngerprint� composition� and�
between� two� 𿿿ngerprints,� as� established� in�
previous studies. Blood levels of androgenic 

hormones, age, diet, genetics, personal hygiene 
habits, and metabolism all affect the sebaceous 
gland secretions.

Studying how other chemicals interact with 
latent�𿿿ngerprints� requires� an�understanding�
of� the� chemical� makeup� of� 𿿿ngerprint�
residue.� Regarding� the� origins� of� 𿿿ngerprint�
residue, there are two main categories: either 
the chemical components must come from 
exogenous or endogenous sources. Different 
chemical components are secreted by each 
gland. Sweat is an aqueous combination of 
electrolytes and hydrophilic substances like 
urea, which is typically secreted by eccrine 
glands.11 Squalene, cholesterol, and other 
lipophilic fatty and waxy compounds are 
secreted by the other three glands. Numerous 
researches have been conducted on the 
makeup of perspiration, “body oil,” and latent 
𿿿ngerprint�components.12

Sweat� and� latent� 𿿿ngerprints� contain�
constituents such as alcohols, phenols, 
aldehydes, ketones, esters, hydrocarbons, 
amines, amides, amino acids, carboxylic acids, 
and�amides�that�reÁect�almost�all�of�the�major�
chemical classes.13-16

Squalene, cholesterol, and fatty acids 
like stearic acid are common endogenous 
components�of�body�oils�that�are�identi𿿿ed�using�
Gas Chromatography-Mass Spectrometry (GC-
MS).17,18 Certain components, like inorganic 
and organic metallic salts, could be challenging 
to identify using Gas Chromatography. In 
the past years, various researches have been 
attempted to extract data from a person’s skin 
secretions composition.19-21�In�reality,�a�speci𿿿c�
chemical combination might be as unique to a 
given�individual�as�a�𿿿ngerprint.�If�𿿿ngerprint�

being distinct outliers. K-Means clustering provided a quantitative validation by 
assigning each sample to one of three distinct clusters, which were consistent with 
the visual groupings from both the PCA and HCA plots. 
Conclusion: It can be effectively stated that an individual’s daily lifestyle and 
occupation� have� a� signi𿿿cant� inÁuence� on� the� exogenous� and� endogenous�
constituents�of�his�𿿿nger�mark.
Key Message: Donor� pro𿿿ling� using� chemical� constituents� of� 𿿿ngermarks,� is�
anticipated to become a common practice in the near future as part of the crime 
scene investigation.
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residue is analyzed thoroughly, it may even be 
possible to determine whether the individual 
often consumes or inhales particular chemicals. 

There has been evidence of gender-
based inter-variation in the lipid and amino 
acid� composition� of� latent� 𿿿ngerprints.�
The� 𿿿ve� essential� fatty� acids� palmitic� acid,�
palmitoleic acid, oleic acid, myristic acid, and 
pentadecanoic acid have been found to have 
a larger average percentage in males than in 
women.22-24

The�chemical�composition�of�𿿿ngerprints�has�
been the subject of numerous studies. Studies 
have� been� done� speci𿿿cally� on� common�
metabolites such as amino and fatty acids. GC-
MS has been used in several investigations to 
analyze the patterns of amino acids and fatty 
acids� in� 𿿿ngerprints.25,21,26 In addition to GC-
MS, a range of analytical techniques have also 
been� used� in� studies� on� 𿿿ngerprint� amino�
acid� pro𿿿les.� Amino� acids� extracted� from�
𿿿ngerprints�have�been�successfully�separated�
and measured using methods including Ultra 
High Performance Liquid Chromatography 
(U) HPLC and Capillary Electrophoresis 
(CE).17,27,28 Furthermore, a range of Mass 
Spectrometry imaging methods, often 
including Matrix Assisted Laser Desorption 
Ionization (MALDI) technique, has been used 
to� analyze� 𿿿ngerprint� composition.29,30 It has 
been demonstrated that a variety of donor 
traits� inÁuence� the� chemical� composition� of�
a� 𿿿ngerprint.16,31� The� inÁuence� of� key� donor�
characteristics, such as age and gender, 
has been shown in numerous studies.32-36 
Illicit drugs and their metabolites have been 
identi𿿿ed� in� 𿿿ngerprints� using� a� range� of�
Surface Mass Spectrometry techniques.1,37 
Furthermore, it has been researched that the 
detection of exogenous substances can provide 
information about an individual’s lifestyle.38,39

The�chemical�composition�of�𿿿ngerprints�for�
gender� determination� and� the� identi𿿿cation�
of� latent� 𿿿ngermarks� to� identify� the� key�
components such as sebaceous and eccrine 
content,17,16,12 changes in sebum composition 
over time,26,27 and differences between 
children’s� and� adults’� 𿿿ngerprints�were� both�
investigated using GC-MS analysis.28 Because 
of its great sensitivity, GC-MS can quantify 
some fatty acids and lipids that are present 
in�low�amounts�in�𿿿ngermarks.�It�can�also�be�
used to analyze intra-variability or changes in 
the� chemistry�of� the�𿿿ngermark�over� time�or�

in various environmental situations. Large, 
low volatility compounds are challenging 
to identify because the method relies on a 
compound’s vapour pressure.
In�this�study,�the�latent�𿿿ngermarks�donated�

by 42 individuals of Jhansi, Uttar Pradesh, India 
were analyzed using Gas Chromatograph Mass 
Spectrometry to determine the exogenous and 
endogenous constituents present respectively.

MATERIAL AND METHODS

Materials 
0.45� µm� pore� size� nylon� syringe� 𿿿lter� of�
diameter-25mm, Grade 1 Whatmann glass 
𿿿ber�𿿿lter�paper,�Scalpel,�Syringe,�Chloroform�
≥99%�Lab�Grade,�Methanol� ≥99%�Lab� grade,�
Chloroform >99% Lab grade, Formic acid 
> 98% Lab grade were purchased from 
Qualigens,� Thermo� Fisher� Scienti𿿿c,� India,�
5 ml GC autosampler glass vials with PTFE 
screw cap closures, 2 ml GC autosampler glass 
vials with PTFE screw cap closures.

Sample Collection
The study included 42 participants comprising 
equal number of males and females, from Jhansi 
region, Uttar Pradesh, India. The individual’s 
ages ranged from 25 to 50 yrs. The study was 
performed in accordance with the Declaration 
of Helsinki and its later amendments. No 
participant’s�personal�data�were� identi𿿿ed� in�
this study. The retrospective data extracted 
were limited to the research question present in 
the study related to the chemical analysis and 
composition�of� latent�𿿿ngermarks.�Therefore,�
the ethical consent was waived off by the 
Institutional Ethics Committee.

Various categories of lifestyle and 
occupations were taken to determine if the 
respective occupations and lifestyles have 
an effect on the endogenous and exogenous 
constituents� of� the� latent� 𿿿ngermarks� of� the�
individual.� Two� eccrine� 𿿿ngermarks� were�
collected from each participant for the study. A 
debrie𿿿ng�form�was�given�to�the�participants�
after they completed the experiment and 
provided their written consent. A non-invasive 
technique�was�used�to�gather�the�𿿿ngermarks.�
General information regarding their diet, 
lifestyle, and occupation was obtained through 
a questionnaire. 
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METHODOLOGY
Prior to the deposition, all participants were 
asked to proceed with their tasks as usual. The 
participants were told not to wash their hands, 
half an hour before the deposition. A total of 
two� eccrine� 𿿿ngermark� each� of� the� different�
categories of lifestyle and occupations were 
taken into consideration for this study. The 
participant had to “sweat” for 20 minutes by 
warming his hands and rub them together to 
homogenize the secretion in order to create 
eccrine�𿿿ngermarks.�After�that,�the�𿿿nger�was�
lightly pressed for 5 minutes on a Grade 1 
Whatmann�𿿿lter�paper.

The methodology as outlined in the research 
of Helmond, V. et al. (2019) was used.41 The 
selection of this approach was based on its 
ability to optimize the composition of the 
𿿿ngermark� in� relation� to� donor� attributes.�
A sterile scalpel was used to cut the sample 
deposition area into tiny squares of 5 cm by 
5 cm, which were then placed in a 5 ml auto 
sampler� glass� vial.� The� glass� vial� was� 𿿿lled�
with 2 ml of chloroform (>99% lab grade). For 
15 minutes, the sample solution was vortexed. 
After that, the solution was transferred to a 5 
ml glass vial with 2 ml of Methanol and a 5% 
(v/v) formic acid solution. The mixture was 
vortexed again for 15 minutes. A 0.45 µm pore 
size�nylon�syringe�𿿿lter�was�used�to�𿿿lter�the�
aliquot before it was transferred to another 
sterile 2 ml auto sampler.

Following sample preparation, the samples 
were examined immediately after analysis. 
GC-MS� analysis� of� the� latent� 𿿿ngermarks�
was performed using a GC Clarus 680 Turbo 
Mass Perkin Elmer Gas Chromatogram 
connected�to�a�mass�identi𿿿cation�system�that�
included an AOC-20i Gas Chromatograph 
and auto-sampler interfaced to a Mass 
Spectrophotometer. Helium was used as the 
carrier�gas�at�a�steady�Áow�rate�of�1�mL/min.�5�
μL of the sample was injected in splitless mode 
through an injector that was kept at 250°C with 
a 1.5-minute purge time. 

The schedule for temperature in the 
instrument was as follows: After starting at 
40°C� for� 𿿿ve�minutes,� the� ramp� temperature�
was increased from 12°C to 270°C at a rate of 
8ºC per minute. The transfer line temperature 
was kept at 250°C while a 3.0 minute solvent 
delay was imposed. With the scan mode set 
between 50 and 350 Da, the mass analyzer 
was kept at 150°C. The GC-MS instrument’s 

Turbo Mass OCPTVS-Demo SPL software 
was used to obtain the chromatograms. In 
order to interpret the GC chromatogram, Mass 
Spectrometer matched the obtained spectrum 
to the library of compounds’ spectrums that 
were kept in the relevant National Institute of 
Standards and Technology (NIST) database. It 
provided the components’ names, molecular 
weights, and structures found in the samples. 
The qualitative and quantitative results were 
collected through GC/MS analyses and 
compared with the relevant literature and 
NIST database.

Data Analysis
Chemometrics can fully distinguish between 
the spectra of several substances that exhibit 
very little variations and examine the wide 
spectral distribution. Principal Component 
Analysis (PCA), Hierarchical Cluster Analysis 
and K-means cluster test were applied on the 
GC data using IBM Statistical Package for the 
Social Sciences (SPSS) Software v. 20.

The dimensionality reduction technique 
known as Principal Component Analysis is 
frequently used to reduce the dimensionality 
of large data sets. It breaks down a large set 
of variables into a smaller one that retains the 
majority of the information in the larger set. 
The� objective� is� 𿿿nding� the� key� information�
in the data and expressing it as a collection 
of summary indices known as primary 
components. 

An unsupervised machine learning method 
for identifying and classifying related objects 
in data is called clustering. Without imposing 
a linear order on the objects, Hierarchical 
Cluster Analysis (HCA) arranges them into a 
cluster hierarchy. Data is grouped into a tree 
of nested clusters using the unsupervised 
machine learning technique known as 
hierarchical clustering. It facilitates the 
discovery of linkages and patterns in datasets. 
A dendrogram diagram displaying the 
distance relationships between the clusters is 
used to present the results.

K-means clustering is a machine learning 
technique which divides a dataset into a 
predetermined number of clusters. It is 
a centroid-based algorithm, in which we 
determine the distances in order to allocate a 
point to a cluster.
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RESULT & DISCUSSION

Figure 1: Typical chromatogram of latent fingermark of a house painter

Principal Component Analysis

Figure 2: Scree plot of the components obtained after application of Principal Component 
Analysis

Figure 3: 3D scatter plot representation of the components
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Principal Component Loadings
The loadings represent the correlation 
between the original variables (‘Area %’ of 
GC spectrographic data) and the principal 
components. The variables with high absolute 
loadings�are�found�to�be�the�most�inÁuential�in�
de𿿿ning�a�particular�principal�component.

• Principal Component 1 was found to be 
most�heavily�inÁuenced�by�the�following�
PCA loadings:

  Area %.21 -(∣0.318∣)
  Area %.23 -(∣0.317∣)
  Area %.28 -(∣0.313∣)
  Area %.22 -(∣0.299∣)
  Area %.27 -(∣0.295∣)

• Principal Component 2 was found to be 
most�heavily�inÁuenced�by�the�following�
PCA loadings:

  Area %.5 (∣0.417∣)
  Area %.2 (∣0.368∣)
  Area %.10 (∣0.360∣)
  Area %.13 (∣0.358∣)
  Area %.7 (∣0.314∣)

The chemical compounds corresponding to 
these ‘Area %’ values are the key differentiators 
among the samples along the PC1 and PC2 
axes.

Biplot
The biplot is a powerful visualization that 
shows both the samples and the variables on 
the same two-dimensional plot (PC1 vs. PC2) 
as seen in Figure 3.

Explained Variance of PCA
The� PCA� was� able� to� capture� a� signi𿿿cant�
amount�of�the�data’s�variability�in�the�𿿿rst�few�
principal components.

• The� 𿿿rst� principal� component� (PC1)�
accounted for 16.91% of the total variance.

• The second principal component (PC2) 
accounted for 10.35% of the total variance.

Together, PC1 and PC2 explained 27.25% of 
the total variance in the dataset, indicating that 
these two components capture a substantial 
portion of the underlying patterns and 
correlations in the data.

The scree plot represents the amount 
of variance explained by each principal 
component in Figure 2. The plot shows a steep 
drop-off�after�the�𿿿rst�few�components,�which�
suggests that the majority of the information is 
concentrated in these initial components. The 
cumulative explained variance plot further 
illustrates� that� the� 𿿿rst� few� components� are�
suf𿿿cient� to� represent� a� large� portion� of� the�
total variance.

Hierarchical Cluster Analysis

Figure 4: Hierarchical Clustering Dendrogram representing the different groups of clusters of the samples
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By using Hierarchical Cluster Analysis in 
addition to PCA, we can further explore the 
natural groupings within the dataset. The HCA 
results are presented in a dendrogram that 
shows the hierarchical relationships between 
the samples represented in Figure 4. 

The dendrogram shows a clear cluster 
containing Desi Alcohol, Quarter Alcohol and 
Alcohol, which were also very close in the 
PCA biplot. Another major group is formed 
by Mosquito repellent cream; Mosquito poison 
stick and Rose perfume. The dendrogram also 
separates Machine oil, castor oil, scepter oil, 
fabric paint, washing powder and gun powder 
into distinct cluster from other samples, 
which aligns with the biplot where these 
samples were positioned away from the main 
cluster of alcohols. The results from both the 
PCA and HCA are consistent and suggest a 
natural grouping of the samples based on their 
chemical�pro𿿿les.�This�dual�analysis�provides�
strong support that certain samples share 
similar chemical compositions, while others 
are chemically distinct.

Distance Matrix
The distance matrix is a table where both the 
rows and columns are the number of samples. 

Each cell contains the Euclidean distance 
between the corresponding samples. A smaller 
value indicates that the samples are more 
similar, and a larger value means they are 
more dissimilar. The data matrix is available 
in the supplementary data of the study.

In the distance matrix table, it is seen that the 
latent� 𿿿ngermark� samples� constituting� desi�
alcohol, bhang, mahua leaves, alprazolam, 
etizolam, arnica, ayurvedic medicine, gun 
residue, paracetamol, mud, potter, park 
perfume,� 𿿿recracker,� pyrotechnic,� vanish�
powder, tobacco, khaini, garnier cosmetic 
cream, cement, mason, chemical mixture, 
acrylic paint, rat poison and cigarette smoker 
are at smaller Euclidean distance from each 
other, thus they are somewhat similar in the 
their chemical composition. 
The� latent�𿿿ngermark� samples� constituting�

Quarter alcohol, Machine oil, scepter oil, Gun 
powder,� Insecticide,� NorÁox,� Rose� perfume,�
Washing powder, Mosquito repellent cream, 
wall paint, fabric paint, solvent cold medicine 
and biddi smoker have a larger distance 
between the corresponding samples and are 
dissimilar in nature. 

K Means Cluster Technique

Figure 5: Results of K means clustering on the Principal components obtained using Principal Component Analysis
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Figure 6: Elbow method for the selection of components by K means cluster technique

Table 1: Latent Fingerprint Samples (LFP) classified into 
different Clusters using K means cluster technique

Latent Fingermark Samples Clusters

LFP sample after consuming Alcohol 1

LFP sample after consuming Quarter alcohol 1

LFP sample after consuming Desi Alcohol 1

LFP sample after handling Bhang 1

LFP sample after handling Mahua leaves 1

LFP sample after handling Castor oil 2

LFP sample after handling Scepter oil 2

LFP sample after handling Machine oil 2

LFP sample after handling Vegetable oil 1

LFP sample after consuming Alprazolam drug 1

LFP sample after consuming Etizolam drug 1

LFP sample after consuming Ayurvedic medicine 1

LFP sample after consuming Arnica medicine 1

LFP sample after handling Gun residue 1

LFP sample after handling Gun powder 2

LFP sample after handling Insecticide 0

LFP sample after consuming Norflox 0

LFP sample after consuming Paracetamol 1

LFP sample after handling Mud (Potter) 1

LFP sample of a Potter 1

LFP sample of a Perfume shop worker (Park 
perfume) 1

Latent Fingermark Samples Clusters

LFP sample of a Perfume shop worker (Rose 
Perfume) 1

LFP sample of a Firecracker shop worker 1

LFP sample of a Pyrotechnic shop worker 1

LFP sample after handling Washing powder 1

LFP sample after handling Vanish powder 1

LFP sample after handling Tobacco mixture 1

LFP sample after handling Khaini mixture 1

LFP sample after handling Mosquito repellant 
cream 2

LFP sample after handling Garnier cosmetic 
cream 1

LFP of a Cement shop worker 1

LFP of a Mason 1

LFP of a Chemical shop worker 1

LFP of a Chemical shop worker. 1

LFP sample after handling Wall Paint 1

LFP sample after handling Acrylic paint 1

LFP sample after handling Fabric paint 1

LFP sample after handling Rat poison 1

LFP sample after consuming Solvent cold 
medicine 2

LFP sample after handling Mosquito poison stick 1

LFP of a Smoker (Cigarette) 1

LFP of a Smoker (Biddi) 1
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To further validate the groupings found 
in the PCA and HCA, K-Means clustering 
was applied to the dataset. The analysis was 
performed� in� a� three-step� process:� 𿿿rst,� we�
used� the� Elbow� Method� to� 𿿿nd� the� optimal�
number of clusters, then we applied the 
K-Means�algorithm,�and�𿿿nally,�the�results�on�
a PCA scatter plot.

Elbow Method for Cluster Selection
The Elbow Method is a heuristic method 
used� to� 𿿿nd� the� optimal� number� of� clusters,�
denoted as ‘K’. The plot as depicted in 
Figure 6 shows the inertia (sum of squared 
distances from each data point to its assigned 
cluster center) for different values of K. 
Based on the plot, the elbow is located at  
K�=�3,�suggesting�that�the�data�is�best�represented�
by three distinct clusters.

K-Means Clustering on PCA Plot
With K set to 3, the K-Means algorithm was 
applied to the standardized data. The samples 
were divided according to different cluster 
and plotted on the PCA space to see how 
the clustering aligns with the PCA results as 
depicted in Figure 5.

• Cluster 0 (Green): This cluster contains 
the�latent�𿿿ngermark�samples�constituting�
Insecticide�and�NorÁox�medicine,�which�
are located in the top-left quadrant of the 
plot, separate from the other groups.

• Cluster 1 (Yellow): This is the largest 
cluster, containing a broad range of 
samples,�including�the�latent�𿿿ngermark�
samples of Alcohol, Mahua leaves, 
bhang mixture, Drugs (Paracetamol, 
NorÁox,� Arnica,� Ayurvedic,� Etizolam,�
Alprazolam), perfume, cosmetic products, 
paint, pyrotechnics, gun residue, smoker, 
chemical, toxic substance, vegetable 
oil. This cluster forms the main, dense 
group in the plot. It is mainly present in 
Principal Component 2.

• Cluster 2 (Purple): This smaller cluster 
includes� latent� 𿿿ngermark� samples� of�
Castor oil, Scepter oil, Machine oil, Gun 
powder, Solvent cold medicine and 
Mosquito repellent cream, which are 
grouped in the top-right and bottom-
right sections of the plot.

The results of the K-Means clustering align 
well with both the results of PCA and HCA. 
The�K-Means�algorithm�successfully�identi𿿿ed�

a large, central cluster (Cluster 1) and isolated 
two smaller, more distinct groups (Clusters 
0 and 2), which is consistent with the visual 
separation observed in the PCA biplot and the 
dendrogram. 

The chemical constituent found in the 
𿿿ngermarks� of� the� individuals� with� varied�
lifestyles was the main focus of the analysis. 
The endogenous and exogenous substances 
detected in each samples corresponded with 
the lifestyle information of the participants 
which was obtained at the time of sample 
collection through the questionnaire.

Endogenous Contaminants
In�this�study,�the�use�of�glass�𿿿ber�𿿿lters�paper�
and chloroform: methanol (1:1) yielded a good 
recovery ratio and different concentrations of 
fatty acids, amino acids and other eccrine sweat 
constituents. Since sweat frequently combines 
with sebaceous substances on the skin’s 
surface, it might be challenging to precisely 
measure the concentrations of lipids and fatty 
acids in eccrine secretions. But according to 
one study, there were measurable levels of 
sterol compounds and fatty acids found in the 
𿿿ngermark� samples� in� the� research.42 Eccrine 
secretions have been shown to contain a variety 
of other substances, including medications.43-45 
Sulfon-amides, antipyrine, and aminopyrine 
were� found� in� the� 𿿿ngermarks� of� a� study.46 

L-dimethylamphetamine and its metabolite 
L-methamphetamine was found in the 
𿿿ngermarks,� in� another� study.47 The use of 
sweat as a noninvasive method of measuring 
a person’s serum ethanol content has also been 
proposed, as ethanol has been detected in the 
eccrine sweat.48,49 In a study, perspiration was 
found to contain acetaminophen even after 
the passage of one day following the use of 
acetaminophen.2

From a forensic perspective, understanding 
the potentially distinctive characteristics 
of� 𿿿ngermarks� is� necessary� to� improve� the�
likelihood of identifying or classifying offenders. 
Although earlier studies revealed variations in 
the� chemical� makeup� of� 𿿿ngermark� residue,�
more sophisticated knowledge was still 
lacking.� Finding� variations� in� the�𿿿ngermark�
residue� composition� with� respect� to� speci𿿿c�
donor conditions was the main goal of this 
investigation. Eccrine, sebaceous, and natural 
𿿿ngermarks� have� been� shown� to� include� a�
variety of distinctive constituents. 
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Exogenous Contaminants
Since squalene, cholesterol, free fatty acids, and 
wax esters are all often found in the different 
skin products,50,18�their�presence�in�𿿿ngermark�
samples�may�affect�classi𿿿cation�in�comparison�
to the samples that only contain skin secretions.  
Chromatograms of samples from donors 
who had used skin care products frequently 
displayed� extra� signi𿿿cant� peaks� in� addition�
to the lipid components. Comparing many 
of these substances to the MS library did 
not reveal their identities. Those that were, 
like isopropyl myristate, are thought to have 
come from skin care items because they are 
frequently found in them. Because the analytes 
of interest were co eluted or not fully resolved, 
these peaks frequently made peak integration 
for�data�processing�more�dif𿿿cult.�

Sometimes, cholesterol was partially 
separated from a compound that was 
determined by database comparison to be 
vitamin E acetate, an antioxidant found in 
the skin care products. These are believed to 
include, but are not restricted to, metabolic 
disorders, diet, donor ethnicity, and the use of 
certain drugs. Consequently, it is challenging 
to identify compositional markers of traits, 
like donor age, that are unrelated to other 
characteristics, like sex, metabolic disease, or 
the existence of foreign contaminants. 

Discrimination between individual donors 
was considered to be conceivable based on the 
𿿿ndings� of� intra-donor� variation� studies� and�
observed individual variation documented in 
the literature.9,16,17 
A�common�issue�with�𿿿ngermark�collection�

is the exogenous contamination. Fatty acids, 
cholesterol, and several other substances not 
found naturally in human skin can be found 
in considerable proportions in products like 
soap, cosmetics, and other skin care items.26,10 A 
number�of�studies�on�the�lipid�and�𿿿ngermark�
composition of human skin have shown issues 
brought on by the frequent contamination of 
samples by skin care products. Skin product-
derived compounds are persistent on the 
skin’s surface, as evidenced by the detection 
of these compounds in samples taken up to 
two weeks after the products’ last use. It has 
been suggested that exogenous substances 
could be helpful in determining the content of 
𿿿ngermarks.

Penn et al. proposed that individual 
classi𿿿cation�of�volatile�skin�compounds�may�be�

accomplished�by�pro𿿿ling�full�chromatograms�
instead of just a few compounds. Using 
more endogenous substances may reveal 
small changes that could allow for the better 
classi𿿿cation�between�donors�or�features,�even�
though this may not be feasible with latent 
𿿿ngermarks�due�to�the�inÁuence�of�exogenous�
contaminants.19� We� identi𿿿ed� a� number� of�
probable exogenous compounds originating 
from personal care and cosmetic goods, which 
is consistent with earlier research by Hinners et 
al., 2018 and Bouslimani et al., 2016.51,52 
In� the� study,� 𿿿ngermark� samples� of�

Mosquito repellant cream, mosquito poison 
stick, rose perfume, fabric paint, washing 
powder, solvent cold medicine, scepter oil, 
Insecticide� and� NorÁox� medicine� were� not�
grouped in the same clusters as in K means 
cluster� technique.�As� the�𿿿ngermark�samples�
from various automobile industry workers 
i.e. castor oil, scepter oil, machine oil were 
clustered together, it suggested that the 
complex chemical makeup of the different oils 
was�quite�varied� from�rest� of� the�𿿿ngermark�
samples which lead to their segregation. The 
𿿿ngermark� samples� of� individuals� having�
consumed alcohol, quarter alcohol and desi 
alcohol were clustered together suggesting 
their similar chemical makeup. Moreover, the 
different�𿿿ngermark�samples�of�perfume�shop�
workers and different types of painters were 
also clustered together respectively. 

However, many of the samples which should 
have been clustered in different groups were 
clustered together in the same group like patients 
having consumed different pharmaceutical 
medicines (Arnica, paracetamol, ayurvedic 
medicine), individuals having handled plant 
based drugs (bhang mixture, mahua leaves); 
individuals having handled/ingested narcotic 
based drugs (alprazolam, etizolam drug); 
individual having handled gun residue, 
individual having handled toxic substances, 
cement factory worker, pyrotechnic shop 
worker, potter, and individuals who had 
smoked; rubbed tobacco leaves; applied 
cosmetics were grouped together in the similar 
cluster 1. This happened due to the presence 
of higher concentration of sebaceous, eccrine 
constituents�in�the�𿿿ngermark�samples�which�
overshadowed the exogenous contaminants 
present in trace quantities in the respective 
samples. Thus, the exogenous contaminants 
were not detected in higher quantity using 
the� Grade� 1� Whatmann� 𿿿lter� paper� utilized�



73

IJFMP/Volume 19 Number 1 January–March 2026

Khare�Vartika,�Singla�Anu,�Shekhar�Shashi,�et�al. Chemical Constituents in Latent Fingermarks as 
Indicators of Lifestyle using Gas Chromatography Mass Spectrometry.

in the research. This issue could be further 
recti𿿿ed�by�taking�the�sample�in�concentrated�
form by running the aliquot of methanol and 
formic acid under dry nitrogen as utilised in 
the methodology of Helmond, 2019.41 The 
step was skipped in this study as some of 
the previous researches showed that it lead 
to� the�contamination�of� the� latent�𿿿ngermark�
samples. In the previous researches, the latent 
𿿿ngermark� samples� have� been� also� analysed�
on the substrates of aluminium foil, mylar foil, 
and�glass� beads� for� their� chemical�pro𿿿ling.4, 

9,41,50

CONCLUSIONS
In� this� study,� 42�𿿿nger�marks�were� collected�
from individuals of varied lifestyle and 
occupations.� The� 𿿿ngermarks�were� analyzed�
immediately following the sample collection 
in the GC–MS instrument. The exogenous 
and endogenous substance found in the 
𿿿ngermarks� of� the� individuals�was� the�main�
focus of the analysis. Multivariate technique of 
PCA was applied on the Gas Chromatographic 
data. Further, HCA and K means Cluster 
technique were also applied on the results of 
PCA to validate the results. The results of HCA 
and K means Cluster technique were consistent 
with each other. In K means cluster, three 
clusters were established in which 34 samples 
were clustered in Group 1; 6 samples were 
clustered in Group 2 and 2 samples in group 
3. In HCA dendrogram, the samples were also 
segregated in three clusters in which 3 samples 
were clustered in Group 1 (Blue), 7 samples in 
Group 2 (Yellow) and 32 samples in Group 
3 (Green). The inter-relation of the samples 
in the HCA dendrogram was consistent in 
majority of the samples as depicted in Table- 
1 and Fig- 4. The clustering of the samples 
was consistent in HCA and K means cluster 
analysis with majority of the samples being 
grouped together in similar clusters. However, 
some of the samples were grouped in different 
clusters in the statistical tests. 

PCA technique reduced the complexity of 
the GC data into a few principal components. 
The biplot shows that the samples are not 
randomly distributed but instead formed 
discernible groups, with some samples being 
chemically similar (e.g., Alcohol and Desi 
Alcohol clustered together) and others being 
distinct� outliers� (e.g.,� Insecticide� and�NorÁox�
separated from the main groups). The PCA 

results served as the foundation for the 
subsequent�clustering�methods�by�con𿿿rming�
that the data has a separable structure. PCA 
showed that the high-dimensional data could 
be effectively summarized in a few principal 
components,� with� the� 𿿿rst� two� components�
capturing over 27% of the total variance. The 
PCA biplot demonstrated that the samples 
were not randomly distributed but instead 
formed discernible groups. The dendrogram 
from�the�HCA�visually�con𿿿rms�the�groupings�
suggested by PCA. For instance, the tight 
grouping of Desi Alcohol and Alcohol in 
the dendrogram was consistent with their 
close proximity on the PCA biplot. HCA 
corroborated�these�𿿿ndings�with�a�dendrogram,�
which visually represented the hierarchical 
relationships� and� con𿿿rmed� the� groupings,�
showing that some samples are indeed much 
more similar to each other than to others. 
K-Means clustering technique provided the 
quantitative support for the existence of three 
distinct�clusters,�which�was�visually�con𿿿rmed�
by the Elbow Method and the K-Means plot. 
The cluster assignments showed that the data 
points� identi𿿿ed�as�similar� in� the�PCA�biplot�
and HCA dendrogram (e.g., the large central 
group) were assigned to the same cluster by 
the K-Means algorithm. K-Means clustering 
provided a quantitative validation by 
assigning each sample to one of three distinct 
clusters, which were consistent with the visual 
groupings from both the PCA and HCA plots. 
Fingermarks� can� be�used� to� pro𿿿le� donors�

by providing details about their gender, age, 
lifestyle, and interaction with illicit substances. 
The idea of identifying donor features from 
latent� 𿿿ngermark� composition� is� appealing,�
but “real world” circumstances like recent 
hand washing, cosmetic product use, and 
other activities will obscure any underlying 
variations� in� 𿿿ngermark� composition.�
Donor� pro𿿿ling� using� contact� traces,� such�
as� 𿿿ngermarks,� is� anticipated� to� become� a�
common practice in the near future as part of 
the crime scene investigation.

Data Availability
The supplementary data related to the study 
will be available on request.
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