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Highlights 

 Detection chronic alcohol misuse conditions is made possible by multivariate likelihood 

ratios approaches. 

 Linear Discriminant Analysis in combination with likelihood ratio strategies are used to 

discriminate chronic from non-chronic alcohol drinkers. 

 Anomalous cases related to several factors (e.g. hair treatments) can be detected, too. 

 The present proof-of-concept approach might corroborate the conclusions of the traditional 

interpretation approach suggested by the Society of Hair Testing. 

 . 
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Abstract 

 

The detection of direct ethanol metabolites, such as ethyl glucuronide (EtG) and fatty acid ethyl 

esters (FAEEs), in scalp hair is considered the optimal strategy to effectively recognize chronic 

alcohol misuses by means of specific cut-offs suggested by the Society of Hair Testing. However, 

several factors (e.g. hair treatments) may alter the correlation between alcohol intake and 

biomarkers concentrations, possibly introducing bias in the interpretative process and conclusions. 

125 subjects with various drinking habits were subjected to blood and hair sampling to determine 

indirect (e.g. CDT) and direct alcohol biomarkers. The overall data were investigated using several 

multivariate statistical methods. A likelihood ratio (LR) approach was used for the first time to 

provide predictive models for the diagnosis of alcohol abuse, based on different combinations of 

direct and indirect alcohol biomarkers. LR strategies provide a more robust outcome than the plain 

comparison with cut-off values, where tiny changes in the analytical results can lead to dramatic 

divergence in the way they are interpreted. An LR model combining EtG and FAEEs hair 

concentrations proved to discriminate non-chronic from chronic consumers with ideal correct 

classification rates, whereas the contribution of indirect biomarkers proved to be negligible. 

Optimal results were observed using a novel approach that associates LR methods with multivariate 

statistics. In particular, the combination of LR approach with either Principal Component Analysis 

(PCA) or Linear Discriminant Analysis (LDA) proved successful in discriminating chronic from 

non-chronic alcohol drinkers. These LR models were subsequently tested on an independent dataset 

of 43 individuals, which confirmed their high efficiency. These models proved to be less prone to 

bias than EtG and FAEEs independently considered. In conclusion, LR models may represent an 

efficient strategy to sustain the diagnosis of chronic alcohol consumption and provide a suitable 

gradation to support the judgement. 
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1. Introduction 

 

Alcohol is the most widely abused legal drug in many western countries. Health care expenditures, 

business and criminal justice costs associated to alcohol-related problems amount to hundreds of 

billions of dollars yearly, and even a greater economic burden is sustained when alcohol addictive 

behaviours remain untreated. Over the last decade, numerous scientific studies focused on 

improving the diagnosis of chronic excessive alcohol consumption to efficiently identify individuals 

in need of recovery programs, health care, therapeutic monitoring, etc. [1–3]. 

The selection of appropriate alcohol biomarkers is extremely important for correct diagnosis 

assessment. In fact, biased results lead to wrong analytical interpretations and consequently to 

clinical and/or legal errors, which can strongly impact on the life of the involved subjects. Indirect 

alcohol biomarkers - such as aspartate transferase (AST), alanine transferase (ALT), gamma-

glutamyl transferase (GGT), mean corpuscular volume of the erythrocytes (MCV) and 

carbohydrate-deficient-transferrin (CDT) - measured in blood had been traditionally used to 

distinguish non-chronic alcohol consumers from chronic abusers [4–6]. However, they lack 

specificity and sensitivity [1,7–9] and have been replaced by direct alcohol biomarkers, such as 

ethyl glucuronide (EtG) and fatty acid ethyl esters (FAEEs), that greatly exceed indirect biomarkers 

in discrimination power [2,8–17]. Moreover, they are detected in the keratin matrix allowing long-

term alcohol consumption monitoring. 

Consensus documents of the Society of Hair Testing (SoHT) state that (i) the analysis of a 3-cm 

proximal scalp hair segment provides information on the average alcohol intake over a period of 
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about 3 months, (ii) a scalp hair concentration ≥ 30 pg/mg for EtG and ≥ 0.5 ng/mg for the sum of 

four FAEEs (i.e. ethyl myristate, ethyl palmitate, ethyl oleate and ethyl stearate) is indicative of 

chronic excessive alcohol consumption [11–13,18,19]; and (iii) the use of direct biomarkers in 

isolation is not advised [18]. Indeed, EtG and FAEEs absorption in hair may be altered by several 

factors, affecting the correlation between alcohol intake and biomarkers’ concentration in hair 

[20,21]. For example, the hydrophilic EtG and lipophilic FAEEs have different hair incorporation 

mechanisms, and are differently affected by washing routines, application of alcohol-based hair care 

products [22], and physical-chemical hair treatments [23,24]. Therefore, their synergic use is 

recommended to decrease false positive rates [23–25]. Even though the consensus documents list 

some of the factors that may alter the analytical results and potentially introduce bias in the whole 

interpretative process, the interpretation of individual biomarkers results based on their respective 

cut-off values remains unchanged. No recommendations are given on how to interpret discordant 

results, nor statistical analyses are suggested to include combinations of alcohol biomarker and 

metadata into a predictive model. 

In this study, a likelihood ratio (LR) approach is presented for the first time to better discriminate 

between non-chronic and chronic alcohol consumers. This approach is extensively exploited in 

forensics for food authentication [26,27], identification of glass [28–35], car paints [36,37], fire 

debris [38], inks [39], fibres [40], and DNA profiling [41,42]. LR test (LR=Pr(E|H1)/Pr(E|H2)) 

allows one to evaluate analytical data (E, e.g., concentrations of EtG) in the context of two mutually 

exclusive hypotheses (H1: the subject is not a chronic alcohol abuser; H2: the subject is a chronic 

alcohol abuser), which is what a forensic expert is asked to do in the administration of justice. More 

aridly, traditional interpretation models relying on cut-off values [25,40,41] are susceptible to the 

so-called “fall-off-cliff” problem, i.e. even minor deviations from the cut-off can utterly modify the 

final decision [30]. This problem is not observed when the LR test is applied because LR values not 

only point out which hypothesis is more consistent on the basis of the experimental evidence, but 

also provide the magnitude for the decision confidence thanks to the adoption of universally 
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accepted verbal scales [28,43] that convert LR values into statements easily comprehensible by 

laymen, i.e. people not expert in LR calculations.   

In the present study, we tested different LR models using the scalp hair concentrations of EtG and 

FAEEs as experimental evidences, together with the indirect biomarkers ALT, AST, CDT, GGT, 

and MCV measured in whole blood. Additional investigated parameters included height, weight, 

and body mass index (BMI). The main goal was to investigate the discrimination power of an 

innovative LR approach based on multivariate statistics using different combinations of these 

biomarkers, in order to corroborate the diagnosis of chronic excessive alcohol consumption. The 

predictive capabilities of the best LR models were also tested on an independent population of 43 

real caseworks individuals, including known or alleged non-chronic alcohol consumers and subjects 

for whom incoherent FAAEs and EtG results were determined with respect to the accepted cut-offs. 

 

2. Materials and methods 

2.1.  Study protocol 

The data presented herein were recovered from the databases of the Regional Antidoping and 

Toxicology Center “A. Bertinaria” (Orbassano , Italy). 125 subjects (118 males and 7 females) were 

included in this study, whose analyses were commissioned by Local Committees for Driving 

Licences and Alcohol Abuse Treatment Services located in Piedmont, northern Italy. Ethical 

approval for the study was granted by the Ethical Committee of the Azienda Ospedaliero-

Universitaria San Luigi Gonzaga of Orbassano (Protocol Number 0012756). Clinical and 

toxicological analyses were conducted over a period of 10 months in between years 2014 and 2015. 

The whole blood was analyzed within 24 hours to detect ALT, AST, CDT, GGT, and MCV. Scalp 

hair was divided into two aliquots and measured, the proximal segment 0-3 cm was cut (no scalp 

hair shorter than 3 cm were analyzed), then the samples were stored at room temperature and 
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analyzed within 10 days to detect EtG, ethyl myristate (E14:0), ethyl palmitate (E16:0), ethyl oleate 

(E18:0), and ethyl stearate (E18:1). Note that within brackets are indicated the correspondent 

number of carbons and unsaturations (C:U) for each fatty acid. The final FAEE concentration was 

calculated as the sum of the four individual concentrations (i.e. E14:0, E16:0, E18:0, and E18:1). 

Lastly, weight and height were measured to calculate the body mass index (BMI). Only subjects 

under long-term monitoring at the “A. Bertinaria” Center that consistently showed negative or 

positive results in hair were selected to represent the population of non-chronic and chronic alcohol 

abusers. The archived data belonging to the individuals under examination, together with the 

respective clinical judgement from the medical commission in charge, allowed us to rationally 

divide them into the “negative” and “positive” classes, i.e. teetotallers and social drinkers (non-

chronic alcohol abusers) versus chronic alcohol abusers. Subjects with doubtful classification were 

excluded from the study. Descriptive statistics and correlation studies were performed on the data 

matrix (125×12). All the analytical results are available in the Data-in-Brief [44] article associated 

with this study. 

 

2.2.  Determination of the direct and indirect alcohol biomarkers 

Whole blood and scalp hair were collected once from each subject and analyzed within one day – 

for blood biomarkers – or one week – for hair biomarkers –. BD Vacutainer® EDTA and SSTTM 

specimen tubes were used to collect whole blood samples to measure AST, ALT, GGT, CDT and 

MCV [45]. One of the two aliquots of hair sample was used to measure EtG. Briefly, hair samples 

were washed twice with methylene chloride and methanol and let to dry. Then, the samples 

underwent an overnight extraction step at room temperature with a 35:1 water-methanol solution, 

followed by sonication. Finally, approximately 100 µL of liquid phase was transferred into a vial 

for UHPLC–MS/MS analysis. A Shimadzu Nexera UHPLC system (Shimadzu, Duisburg, 
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Germany) interfaced to an AB Sciex API 5500 triple quadrupole mass spectrometer (AB Sciex, 

Darmstadt, Germany) was employed. EtG was detected in the negative ion mode by electrospray 

(ESI) ionization [46]. The second aliquot of the hair samples was used to measure FAEEs, 

following the same sample preparation as described in Pragst et al. [47], Suesse et al. [48] and 

Albermann et al.[49]. Briefly, hair samples were washed twice with n-heptane, dried at room 

temperature and then cut into segments (1-2 mm in length). n-heptane and DMSO were added and 

then samples were vortexed in a multimixer. The solvent mixture was stored at -20 °C to freeze the 

DMSO phase and transfer the n-heptane phase into a headspace vial. The organic solvent was dried 

and then reconstituted with a phosphate buffer for HS-SPME-GC/MS analysis. A MultiPurpose 

Sampler Flex A05-FLX-0001 (Est Analytical, West Chester Township, OH, USA) equipped with a 

65 μm StableflexTM polydimethylsiloxane/divinylbenzene fiber (PDMS/DVB) from Supelco 

(Sigma-Aldrich, Milan, Italy) was employed in combination with a 6890N GC 5975-inert MSD 

(Agilent Technologies, Milan, Italy). All the methods were internally validated and accredited in 

accordance with ISO/IEC 17025:2005 requirements. 

2.3. Data preprocessing and F-statistics 

Base 10 logarithm transformation (log10x) was applied on each variable to reduce the skewed 

distribution of the data.  Zero values were present in the original datasets for EtG and FAEEs. They 

refer to subjects whose hair samples did not yield detectable EtG and FAEE concentrations (i.e. 

concentration below the detection limit, LOD, of the analytical method). In order to apply the log10 

transformation, zeros were substituted with half of the LOD value (1.5 pg/mg and 0.004 ng/mg, 

respectively for EtG and FAEEs. In particular, 0.004 ng/mg corresponds to half of the LOD value 

of ethyl palmitate, i.e. the most significant and abundant FAEE among the ones detected in this 

study). 
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An F-test feature selection procedure was used to remove the non-significant variables from the 

dataset, with the final intent of improving the correct classification rates and the performance of LR 

classification models. The F-test identifies the features that maximize the between-group variability 

and minimize the within-group (non-chronic vs. chronic alcohol abusers) variability [50]: the 

greater the F value, the better the separation between groups based on the tested variable. Only the 

variables with calculated F value greater than the tabulated Fk–1, l–k value - where k represents the 

number of examined classes (k = 2) and l  stands for the number of objects composing the dataset (l 

= 125) - at 95% significance level were considered to build LR models. 

2.4.  Likelihood ratio models 

Different LR models were calculated and evaluated in terms of efficiency and performance. Briefly, 

two mutually exclusive hypotheses (H1: the subject is not a chronic alcohol abuser – “negative” 

class; H2: the subject is a chronic alcohol abuser – “positive” class) are formulated and the LR 

model is built with a reference population using one or more of the chosen variables (alcohol 

biomarkers) to represent the experimental evidence. Then, by examining the evidence for a tested 

subject, one of the two hypotheses is retained based on goodness of fit to either one model [28,43]. 

The LR value is calculated as the probability ratio that the tested subject belongs to the negative 

class (hypothesis H1) or the positive class (hypothesis H2), based on the evidence investigated. One-

level models assessing only the between-object variability [26,28] were developed because the 

within-object variability could not be estimated, as only one measurement was completed on each 

individual for each parameter. Kernel density estimation (KDE) approach using Gaussian kernels 

was applied on the logarithmically-transformed data to estimate the between-object distributions. 

More details could be found in the Data-in-Brief [44] article associated with this study. 

Each LR model was calculated including all 125 selected individuals, while the number of variables 

considered in each model was variable. Initially, twelve univariate LR models were built. Then, 
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different multivariate models were computed, starting with the so-called naïve LR models (LRn) 

that consider all the variables simultaneously (LR12) or a subset of selected variables (models LR8, 

LR7, LR6, and LR2) that produced significant discrimination power (measured by F-test and 

empirical cross entropy (ECE) values; see below). Naïve models assume that all variables are 

independent from one another; accordingly, they were built by multiplying the univariate LR 

models for the chosen variables [26,28]. Subsequently, a non-naïve multivariate LR model was 

evaluated using the EtG and FAEEs variables only (LRFAEEs,EtG). Another LR model (LRPCA) was 

calculated adopting strictly orthogonal variables after principal component analysis (PCA). Even 

though PCA describes a large amount of variance using few principal components, it does not 

necessarily mean that the corresponding information is associated with grouping. To better focus on 

this objective, linear discriminant analysis (LDA) was performed and a further LR model (LRLD) 

was built on latent variables (LV). LDA evaluates the optimal direction in the PCA space that 

provides the best discrimination for the categories under examination and, simultaneously, 

estimates a certain number of delimiters according to the number of categories to be discriminated. 

Such direction (named LV) is represented by a linear combination of the PCs under examination. 

The objects are projected on the LV, converting a multivariate space into univariate, where all the 

individuals are represented by their projections on the LV variable. Then, the subjects are assigned 

to a specific category depending on their location with respect to the delimiter. In the present case, 

the delimiter is represented by a point along the LV direction separating the two categories (i.e. 

non-chronic alcohol consumers’ group vs. chronic alcohol misusers’ group). The LR approach was 

performed on this variable and a univariate LR model (LRLD) was calculated. The original data 

were autoscaled and equal prior probabilities were adopted. 

A jack-knife procedure was utilized to validate each LR model. In particular, one individual was 

randomly removed from the original dataset and used as a test subject to estimate the correct and 

false classification rates (CR), and estimate the proficiency of the developed LR model in terms of 
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discrimination power. Indeed, ECE values provided a quantitative measurement of the predictions 

strength [28,32,51], whereas CR values estimate uniquely the percentage of correct and false 

classifications in cross-validation without weighting the magnitude of the LR value, in other words 

without considering how much strong or weak is the fit of a tested object to either category [28,32]. 

From the exploration of ECE plots, two parameters can be extracted: exp

llrC  and cal

llrC , indicating the 

reduction of information loss in terms of the amount of unexplained information [28,52] 

respectively for experimental and calibrated LR values. Additional information on the computation 

of the LR models and the ECE plots are provided in the Data-in-Brief article associated with this 

study [44]. All the calculations were performed with R software version 3.2.2 [53] using scripts 

written by the authors and the Rcmdr package [54]. 

 

3. Results and discussion 

3.1.  Descriptive statistics 

Figure 1 shows the so-called violin plots, a combination of a box plot and a kernel density plot, for 

all the variables and depicts the dispersion of the logarithmically transformed data within and 

between the negative and positive classes. As expected, EtG and FAEEs (both the scalp hair 

concentration of the individual fatty acids and their sum) yielded the highest classification 

efficiency and their data distributions showed virtually no overlap between the two classes (Figure 

1a and 1b). In particular, all negative subjects – N=96, 77% of the total cohort – showed scalp hair 

concentrations of both EtG and FAEEs lower than their respective cut-off values (i.e. 0.5 ng/mg and 

30 pg/mg for FAEEs and EtG, respectively). Conversely, all positive individuals – N=29, 23% of 

the total cohort – revealed both EtG and FAEEs scalp hair concentrations higher than their 

respective cut-offs. These apparent over-performing results are indirectly produced by our choice of 

training set, including into this training set only the subjects with clear-cut drinking behaviour in 
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order to build robust statistical models; namely all the subjects with clinically uncertain 

classification were excluded. Despite this preventive selection, all indirect biomarkers display 

strong overlap between the distributions of the two categories. Figure 1c and 1d show the 

distributions observed for CTD and GGT as examples. Although the data appear not to have 

Gaussian distributions, LR models are appropriate, because they properly work also with non-

parametric distributions. 

3.2.  Univariate LR models 

Univariate LR models, together with their respective ECE plots, were evaluated for each of the 

twelve variables. The CR responses and the 
exp

llrC  and 
cal

llrC  values for univariate LR models using 

the KDE approach are reported in Table 1. As expected, univariate LR models for FAEEs and EtG 

provided the best global correct classification rate (about 96% and 95%, respectively). Their ECE 

plots showed satisfactory results in terms of accuracy, calibration and discrimination power (Figure 

2a-2b). On the other hand, indirect biomarkers provided poor CR and 
exp

llrC  results, with the worst 

performance observed for MCV (
exp

llrC  = 116%), meaning that their single value delivers misleading 

information, as already reported in other scientific studies [1,9,13,45]. ECE plots relevant to the 

univariate LR models of all the indirect and E14:0, E16:0, E18:0 and E18:1 direct biomarkers are 

available in the Data-in-Brief article associated to the present one [44]. For LR models of FAEEs 

and EtG, the information loss was still accountable, with 
exp

llrC  values equal to 24% and 22%, 

respectively, where zero represents the ideal value for
exp

llrC  and 
cal

llrC , with no information loss and 

systematic support to the correct hypothesis from the evidence.  

3.3. Multivariate LR models 

3.3.1. Naïve multivariate LR model 
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The correlation coefficients matrix reported in Table 2 indicated stronger correlations between the 

individual FAEEs and their sum, and between EtG and FAEEs, as expected. Notably, FAEEs and 

E16:0 show the highest correlation coefficient (i.e. 0.96), in agreement with the proposed update of 

SoHT consensus documents, where the single ethyl palmitate is proposed to substitute the sum of 

four FAEEs in the interpretation criteria. Although the naïve approach theoretically requires 

variables with no significant correlations, an eligible naïve multivariate LR model (LR12) was 

developed taking into account all the variables together. Singularly, it was possible to accept the 

lack of correlation assumption since the number of individuals constituting the database was 

limited. 

The naïve LR12 model provided better CR value (98.4%) than the univariate methods for FAEEs 

and EtG. Only two negative individuals (i.e. non-chronic alcohol abusers) out of 96 were 

misclassified as positive subjects, leading to a correct classification rate for the negative class of 

97.9% (Table 1). Accuracy and calibration proved satisfactory, as well as the reduction of 

information loss with 
exp

llrC  and 
cal

llrC  values equal to 15.6% and 4.1%, respectively (Table 1). 

However, further LR models were investigated with the aim of selecting a lower number of 

variables and decreasing the amount of redundant information and noise. 

3.3.2. Naïve and non-naïve multivariate LR model relevant to the variables 

selected by F-test and ECE plots 

Further LR models were built using the selected variables that showed statistically significant 

discriminant power (Fα=0.05,1,123 > 3.92). The ECE curve shape was also used as a feature selection 

criterion, i.e. the variables whose experimental LR values, represented by the solid red line, 

exceeded the null curve, represented by the dotted black line, were excluded (Figures 2 and 3).  A 

new naïve model based on CDT, GGT, E14:0, E16:0, E18:0, E18:1, FAEEs, and EtG was built 

(LR8). This new naïve model showed the same CR as the naïve LR12 model (98.4%) and the same 
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number of misleading classifications; however, the ECE plot showed improvement in the reduction 

of information loss, with exp

llrC  and cal

llrC  values lowered to 4.4% and 1.7%. The analysis was 

repeated after taking out GGT from the model (LR7) and then excluding also CDT (LR6), as they 

had the lowest significant discrimination power among the eight variables. No changes were 

observed in the correct classification rates nor in the information loss (Table 1). To stretch the 

system even further, a naïve multivariate model with only the FAEEs and EtG variables was built 

(LR2, Figure 3a). In general, FAEEs and EtG proved to provide the best discrimination between 

non-chronic and chronic alcohol abusers, while the contribution of indirect biomarkers is negligible, 

as several other independent studies concluded [1,3,8,9,13,45]. 

A non-naïve multivariate model with FAEEs and EtG variables was computed (LRFAEEs,EtG). 

Improved results were obtained in comparison to LR2 and LR6 in terms of exp

llrC , cal

llrC  and ECE 

values (Table 1 and Figure 3b) suggesting that the correlation between the two biomarkers carries 

useful information for the decision-making process. Further LR models were tested to investigate 

whether the multivariate evaluation of all the different FAEE biomarkers (i.e. E14:0, E16:0, E18:0, 

E18:1) might provide better performance than the LR model investigating the sum of the four 

FAEE concentrations (i.e. FAEEs). The univariate LR model involving FAEEs only (LRFAEEs) 

provided unsatisfactory
exp

llrC  and 
cal

llrC  values. On the other hand, both naïve and non-naïve 

multivariate LR models (LRm,naïve; LRm,non-naïve) showed unchanged CR rates, but lower 
exp

llrC  and 

cal

llrC  values (Table 1). Thus, the multivariate approach is apparently preferable to the current 

interpretation approach that inspects the sum of FAEEs at the univariate level. However, further 

confirmations are required on a larger population in order to better compare the two approaches. 
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3.3.3. Multivariate LR model based on the variables selected by F-test and ECE 

plots analysis and orthogonalised by PCA 

In order to improve further the LR model, the variables selected by F-tests and ECE plots analysis 

(i.e., E14:0, E16:0, E18:0, E18:1, FAEEs and EtG) were orthogonalized by means of the PCA 

technique. The new multivariate model (LRPCA) was built on the first three principal components 

(describing more than 95% of cumulative variance), and computed by multiplying the LR values 

from univariate LR frameworks relative to the selected principal components. A satisfactory CR 

equal to 99.2% was observed, but no improvement of ECE plot (Figure 3e) and 
exp

llrC  value (6.5%) 

was observed (
cal

llrC = 1.7%). The lower reduction of information loss observed for LRPCA with 

respect to the previous naïve multivariate LR models depends on the strong correlation occurring 

among the selected variables that compose the PCs. 

 

3.3.4. Likelihood ratio model based on linear discriminant analysis 

Linear discriminant analysis (LDA) is nowadays widely used in several fields of chemistry 

[26,27,55,56]. The LDA technique was exploited with the aim of identifying the direction within 

the PCA space that better discriminate non-chronic from chronic alcohol drinkers (see Materials 

and Methods). The projection of the objects from the PCA space onto the LV variable produced 

suitable separation between the two categories, as shown in Figure 4, in which the continuous and 

dashed lines represent the kernel density plot for the non-chronic and chronic alcohol consumers, 

respectively. The correct classification rates and the ECE curve parameters of the LRLD model 

reported in Table 1 and Figure 3f exhibit optimal results in terms of correct classification rates (i.e., 

overall CR equal to 100%) and reduction of information loss (
exp

llrC  = 3.3%;
cal

llrC  = 0.0%), outscoring 

all the previous LR models. In conclusion, all the multivariate LR models provided better 



16 
 

performances than the univariate LR models (Table 1), but the LRLD model produced the best 

outcomes in terms of accuracy and discriminating power. 

3.4. Real caseworks 

The best performing non-naïve (LRFAEEs,EtG) and LRLD models were used to evaluate 43 new 

individuals (Table 3), consisting of 6 known non-chronic alcohol consumers (case1-6), 5 

individuals (case7-11) expected to be chronic alcohol consumers (according to their historical data, 

which showed a consistent number of analytical results above SoHT cut-off values over the time), 

one individual showing extreme and conflicting results from the direct biomarkers (case12), and 31 

selected individuals with unknown disposition towards alcohol consumption, but whose EtG and 

FAEEs scalp hair concentrations were conflicting and incoherent with respect to the SoHT cut-off 

valus (case13-43). The experimental EtG and FAEE data, together with LR values and support to 

the most probable hypothesis, are reported in Table 3. In particular, the verbal scale that was used to 

convert the LR numerical values into different confidence expressions in support to a certain 

conclusion is reported in Table 4, according to the literature [28,43]. The negative case1-case6 were 

correctly identified as non-chronic alcohol consumers with LR values largely above unity (2.1·103-

7.4·109) from both models. For cases7-case11, all individuals were correctly identified as positive 

(i.e. chronic alcohol abusers) with LR values ranging from 4.1·10-2 to 2.8·10-4 for both models. 

Case12 was classified as negative, with very strong support for non-chronic hypothesis H1 

(LRFAEEs,EtG value equal to 1.3·1064). His scalp hair specimen had an extremely high concentration 

of EtG (2769 pg/mg) but an extremely low concentration of FAEEs (approx. 0.01 ng/mg). Further 

investigation on this case pointed out that the subject used to apply an Arnica-based oil lotion on his 

hair that contained EtG. Interestingly, the LRFAEEs,EtG model did not classify this subject as a 

chronic alcohol abuser, as the EtG concentration alone would suggest, which strongly highlights the 

robustness of the LR approach. In fact, LR takes into account the rarity of the measured analytical 

data, whereas this is typically ignored by other non-Bayesian discriminant methodologies (both 
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univariate and multivariate) even if strongly significant, especially in forensic caseworks. Bayesian 

discriminant methods typically deliver strong support to one of the hypotheses when rare 

physicochemical data are compared with a the reference “normal” population. On the other hand, 

the LRLD model classified case12 as positive, with quite strong support for H2 (1/LR value equal to 

6250). However, this individual could be easily recognized as an outlier from Hotelling T2 scores 

and Q residuals [57]. In practice, the Hotelling T2 vs. Q residuals plot is employed in PCA to 

recognize samples that present very rare features, and differentiate them from the reference 

populations. For this reason, case12 could be identified as anomalous anyway, even though an 

external factor (i.e., the use of an Arnica-based oil lotion containing EtG) produced a bias on LDA 

features and results. 

Predictions for the remaining 31 cases (Table 3) varied from “negative with very strong support” to 

“positive with strong support” (i.e., case13). Fourteen cases (from case14 to case27) are particularly 

interesting and represent a variety of real situations of difficult judgement, where either one of 

biomarkers largely exceeds the cut-off while the other is far below, or both are very close to the 

corresponding cut-off values. The LR approach not only helps the toxicologist solve these puzzles, 

but also provide a quantitative support to his/her decision. For example, case18 presented an 

extremely high concentration of FAEE (11.98 ng/mg) together with a 26 pg/mg EtG concentration 

value, slightly lower than the corresponding cut-off of 30 pg/mg. The SoHT consensus document 

(18) indicates EtG as the deciding biomarker in the cases of ambiguous results with respect to 

FAEEs data. In a stringent interpretation of the consensus document, case18 should have been 

classified as non-chronic despite the huge FAEEs concentration observed and the EtG concentration 

close to cut-off. In contrast, both LR approaches provided a moderately strong support to the 

chronic alcohol misuse hypothesis H2 (LRFAEEs,EtG value equal to 5.3·10-3, LRLD value equal to 

1.9·10-3), which appears. more reliable than H1, according to the experimental results. Remarkably, 

all 31 individuals with unknown disposition towards alcohol were classified with identical response, 
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negative or positive, by both LRFAEEs,EtG and LRLD models, which also provided similar strengths in 

supporting either one hypothesis according to EtG and FAEE values (Table 3). This can be also 

observed in the correlation plot (Figure 5), where the comparison of the Log10-LR values provided a 

highly significant coefficient of determination (R2=0.9614). This result suggests that the models 

behave similarly in interpreting FAEE and EtG data, and classify the unknown individuals with the 

same final judgement. The simultaneous use of two LR models is likely to represent a powerful 

interpretation approach in order to solve the ambiguous caseworks where EtG and FAEEs hair 

concentrations turn to be incoherent with respect to the SoHT cut-offs. 

 

4. Conclusions 

For the identification of chronic excessive alcohol consumption, SoHT presently suggests a cut-off 

based interpretation model established on EtG and FAEE levels detected in scalp hair and hair 

sampled from other body sites with the exception of axillary and pubic hair regions. However, the 

concentration of EtG and FAEEs in hair can be influenced by several factors (e.g. the use cosmetic 

treatments and thermal hair straightening tools), occasionally leading to challenging interpretation 

when the classical univariate approach is adopted, since minor data changes may completely reverse 

the final decision. The present study goes beyond the cut-off based decision method and proposes to 

exploit the advantages arising from the combined use of LR approach and multivariate statistics for 

the interpretation of FAEE and EtG values in hair samples. The LR approach proved to represent a 

discriminant strategy that does not rely on a fixed threshold value to make predictions but rather 

relies on probability distributions. The most remarkable advantage offered by LR models is that 

they provide different levels of strength in supporting a hypothesis on the basis of the experimental 

data. Furthermore, LR approaches take into account the information about the rarity of the 

physicochemical data, allowing the identification of anomalous values that might have been 

influenced by external factors (e.g. cosmetic habits), which are not commonly represented in the 
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reference population utilized to build the LR model. On the other hand, multivariate statistics add 

value to the information arising from the single biomarkers, whose combined interpretation 

decreases the probability of false positive and false negative outcomes. Several naïve and non-naïve 

multivariate LR models have been tested in the present study, suggesting powerful alternatives to 

the classical univariate interpretation approach. In particular, two LR models provided suitable 

discrimination between non-excessive alcohol consumers and chronic alcohol abusers that 

respectively (i) evaluate EtG and FAEE variables in a non-naïve multivariate model (LRFAEEs,EtG), 

and (ii) combine linear discriminant analysis with the LR approach (LRLD). Both models provided 

high rates of correct classification, satisfactory ECE curve parameters, similar outcomes and 

powerful prediction capabilities. If employed together, LRFAEEs,EtG and LRLD models allowed to 

efficiently interpret EtG and FAEEs scalp hair concentrations, even if incoherent with respect to the 

SoHT cut-off values and conflicting. Furthermore, their simultaneous use allowed to recognize and 

interpret the anomalous values related to the influence of endogenous and/or external factors. At the 

current stage, LR multivariate models represent a supporting tool whose outcomes are still 

continuously tested, but the adoption of LR strategies appears to provide remarkable results in terms 

of robustness and discrimination power with respect to the classical univariate approach. Further 

validation of this LR interpretation approach will arise from its introduction into the routine 

workflow of our forensic toxicology laboratory, in order to support the diagnosis of chronic alcohol 

consumption and assist forensic analysts in the decision-making process. 
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Figures 

 

Figure 1 Violin plots (i.e. a combination of  box plots and a kernel density estimation plots) relative to 

FAEEs (a), EtG (b), CDT (c) and GGT (d) variables. Individuals were divided into two categories, where 

“Negative” represents the group of non-chronic alcohol consumers and “Positive” stands for the group of 

chronic alcohol misusers   
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Figure 2  The ECE plots describing the performance of univariate LR models relevant to FAEEs (a), EtG (b) 

variables 
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Figure 3 ECE plots relevant to the developed multivariate naïve LR models involving: (a) FAEEs and EtG 

variables only (LR2); (b) FAEEs and EtG variables only employing a non-naïve multivariate LR model 

(LRFAEEs,EtG); (c) the features selected by F-test and ECE plots analysis and orthogonalized by PCA (LRPCA); 

(d) the variable (named LD) from the LDA approach representing a linear combination of the features that 

were selected by means of F-test and ECE plots analysis (LRLD) 
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Figure 4 Comparative Kernel Density Plot relevant to the LV values of the non-chronic and chronic alcohol 

consumers. In particular, a green solid line represents the individuals belonging to the group of the non-

chronic alcohol consumers (“Negative”), while a red dashed line describes the individuals belonging to the 

group of the chronic alcohol misusers (“Positive”) 
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Figure 5 Comparison of Log10-LR values provided by LRFAEEs,EtG (x) and LRLD (y) models. The dashed line 

represents the ideal situation where the two LR model provide the same LR value. A significant coefficient 

of determination (R2) equal to 0.9614 is observed.  
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Tables 

Table 1 The rates of correct classification within each classification problem (CR [%]), as the weighted sum 

of the rates of correct classification for the two categories under examination (CR_Neg [%], CR_Pos [%]; 

CR_Neg – Negative, non-chronic alcohol consumers’ group; CR_Pos – Positive, chronic alcohol consumers’ 

group). The ECE parameters describing the performance of the LR models are reported too, by means of the 

values for log10(prior odds)=0 (i.e. 
exp

llrC  [%] and 
cal

llrC  [%] values for the experimental and calibrated curves, 

respectively) 

Univariate LR models 

LR model CR CR_Neg  CR_Pos  
exp

llrC  
cal

llrC  

ALT 66.4 75.0 37.9 102.1 95.5 

AST 56.0 67.7 17.2 102.4 97.3 

CDT 76.8 86.5 44.8 95.7 88.1 

E14:0 88.0 86.5 93.1 46.4 35.4 

E16:0 94.4 93.8 96.6 28.3 16.5 

E18:0 88.8 88.5 89.7 39.6 28.5 

E18:1 92.0 89.6 100.0 26.9 12.7 

EtG 95.2 94.8 96.6 22.3 8.2 

FAEEs 96.0 94.8 100.0 23.7 9.4 

GGT 70.4 81.2 34.5 99.3 94.5 

MCV 71.2 79.2 44.8 116.2 83.7 

Multivariate LR models 

LR model CR CR_Neg  CR_Pos  
exp

llrC  
cal

llrC  Variables 

LR12 98.4 97.9 100.0 15.6 4.1 All the variables 

LR8 98.4 97.9 100.0 4.4 1.7 E14:0,E16:0,E18:0,E18:1,ETG,FAEEs,CDT,GGT 

LR7 98.4 97.9 100.0 4.5 1.7 E14:0,E16:0,E18:0,E18:1,ETG,FAEEs,CDT 

LR6 98.4 97.9 100.0 5.2 2.5 E14:0,E16:0,E18:0,E18:1,ETG,FAEEs 

LR2 98.4 99.0 96.6 5.9 3.2 ETG,FAEEs 

LRFAEEs,EtG 98.4 99.0 96.6 4.9 1.7 ETG,FAEEs 

LRm,naïve 96.0 94.8 100.0 21.1 8.18 E14:0,E16:0,E18:0,E18:1 

LRm,non-naïve 96.0 94.8 100.0 21.1 8.18 E14:0,E16:0,E18:0,E18:1 

LRPCA 99.2 97.9 100.0 6.5 1.7 E14:0,E16:0,E18:0,E18:1,ETG,FAEEs 

LRLD 100.0 100.0 100.0 3.3 0.0 E14:0,E16:0,E18:0,E18:1,ETG,FAEEs 
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Table 2 Partial correlation coefficients matrix for the 12 variables collected. The upper part of the matrix is 

omitted as it is symmetric to the lower one 

  E14:0 E16:0 E18:1 E18:0 FAEEs ETG AST ALT GGT MCV CDT BMI 

E14:0 1 
          

  

E16:0 0.7 1 
         

  

E18:1 0.6 0.73 1 
        

  

E18:0 0.8 0.72 0.7 1 
       

  

FAEEs 0.8 0.96 0.79 0.79 1 
      

  

ETG 0.4 0.59 0.56 0.45 0.62 1 
     

  

AST 0.1 0.08 -0.11 -0.08 0.06 -0.02 1 
    

  

ALT 0 0.04 -0.05 -0.1 0.04 -0.09 0.7 1 
   

  

GGT 0.2 0.19 0.07 0.06 0.2 0.1 0.46 0.51 1 
  

  

MCV 0.1 0.07 0.05 0.02 0.08 0.12 0.16 0.03 0.1 1 
 

  

CDT 0.3 0.24 0.26 0.24 0.29 0.31 -0.03 0 0.1 -0.05 1   

BMI 0.1 0.03 -0.01 0.07 0.05 0.04 0.18 0.32 0.4 -0.03 0.22 1 
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Table 3 Table representing the values related to FAEEs (as the sum of E14:0, E16:0, E18:0 and E18:1; 

[ng/mg]) and EtG [pg/mg] variables. The likelihood ratio values were calculated by means of the non-naïve 

LR model named as LRFAEEs,EtG (which takes into account FAEEs and EtG variables) and the LR model 

(LRLD) obtained after the application of LDA and KDE procedures. Columns representing the final response 

of the LR models and the support that is delivered to the relative hypothesis, according to Table 4, are 

reported too.  

 

Individuals 
FAEEs 

(ng/mg) 

EtG 

(pg/mg) 
LRFAEEs,ETG 

Support 

to the 

hypothesis 

Strength 

of the 

support 

LRLD 

Support 

to the 

hypothesis 

Strength 

of the 

support 

case1 0.10 18 2.0·103 H1 S 2.9·104 H1 VS 

case2 0.07 19 5.2·103 H1 S 3.2·104 H1 VS 

case3 0.01 7 7.5·109 H1 VS 2.6·108 H1 VS 

case4 0.01 18 2.3·104 H1 VS 8.2·105 H1 VS 

case5 0.16 11 6.4·107 H1 VS 1.3·106 H1 VS 

case6 0.30 15 5.6·105 H1 VS 7.8·105 H1 VS 

case7 0.29 98 1.4·10-2 H2 M 6.9·10-3 H2 MS 

case8 1.31 97 1.0·10-5 H2 VS 2.6·10-4 H2 S 

case9 0.52 51 4.2·10-2 H2 M 3.2·10-2 H2 M 

case10 0.60 31 5.2·10-4 H2 S 6.9·10-3 H2 MS 

case11 1.01 29 3.8·10-4 H2 S 4.2·10-4 H2 S 

case12 0.01 2769 1.5·1064 H1 VS 1.6·10-4 H2 S 

case13 0.46 43 8.8·10-4 H2 S 8.4·10-4 H2 S 

case14 1.25 12 2.3·103 H1 S 4.0·103 H1 S 

case15 6.53 18 2.5·10-1 H2 L 3.7·10-2 H2 M 

case16 0.92 21 9.3·10-1 H1 M 9.9·10-1 H2 M 

case17 0.71 11 1.8·102 H1 MS 3.1·102 H1 MS 

case18 11.98 26 6.4·10-3 H2 MS 1.4·10-3 H2 MS 

case19 0.72 13 5.1·102 H1 MS 1.7·102 H1 MS 

case20 0.96 13 6.6·103 H1 S 9.0·103 H1 S 

case21 0.91 25 1.0·10-2 H2 M 2.0·10-2 H2 M 

case22 0.57 27 1.2·10-2 H2 M 7.3·10-2 H2 M 

case23 0.72 14 4.0·102 H1 MS 5.6·102 H1 MS 

case24 2.75 22 2.1·10-2 H2 M 5.9·10-2 H2 M 

case25 0.67 19 9.8·103 H1 S 4.2·103 H1 S 

case26 1.51 14 4.0·102 H1 MS 1.4·103 H1 S 

case27 0.65 13 1.4·102 H1 MS 1.0·103 H1 S 

case28 0.54 6 3.5·106 H1 VS 8.6·107 H1 VS 

case29 0.54 5 1.3·108 H1 VS 1.1·105 H1 VS 

case30 0.63 7 8.1·104 H1 VS 3.3·105 H1 VS 
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case31 2.08 4 6.6·107 H1 VS 5.6·106 H1 VS 

case32 0.58 3 2.7·1013 H1 VS 8.9·1013 H1 VS 

case33 0.70 6 4.4·105 H1 VS 1.5·107 H1 VS 

case34 0.62 9 3.3·103 H1 S 3.0·104 H1 VS 

case35 2.08 4 6.6·107 H1 VS 6.5·106 H1 VS 

case36 0.52 8 6.3·104 H1 VS 5.1·104 H1 VS 

case37 5.15 6 7.0·104 H1 VS 1.0·104 H1 VS 

case38 0.67 1.1 3.1·1032 H1 VS 1.3·1027 H1 VS 

case39 0.52 2 4.9·1022 H1 VS 2.2·1018 H1 VS 

case40 1.53 4 7.6·107 H1 VS 6.2·107 H1 VS 

case41 6.99 1.4 2.2·1028 H1 VS 2.2·1025 H1 VS 

case42 0.73 2 3.2·1021 H1 VS 1.6·1021 H1 VS 

case43 1.03 6 3.6·104 H1 VS 9.3·105 H1 VS 
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Table 4 Table representing the verbal scale adopted, according to literature [28,43], in order to convert the 

LR values into the strength of support to be delivered to hypothesis indicated by the LR model to be the most 

probable. 

 

Likelihood Ratios Ranges Verbal equivalent 

 H1: the subject is not a chronic alcohol abuser 

 H2: the subject is a chronic alcohol abuser 

LR < 10-4 very strong (VS) support to H2 

10-4 ≤ LR < 10-3 strong (S) support to H2 

10-3 ≤ LR < 10-2 moderately strong (MS) support to H2 

10-2 ≤ LR < 10-1 moderate (M) support to H2 

10-1 ≤ LR < 1 limited (L) support to H2 

LR = 1 inconclusive support to both hypotheses 

1 < LR ≤ 101 limited (L) support to H1 

101 < LR ≤ 102 moderate (M) support to H1 

102 < LR ≤ 103 moderately strong (MS) support to H1 

103 < LR ≤ 104 strong (S) support to H1 

LR > 104 very strong (VS) support to H1 

 


