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ARTICLE INFO ABSTRACT

Keywords: The prediction of human characteristics from blood using molecular markers would be very helpful in forensic
Externally visible characteristics (EVC) science. Such information can be particularly important in providing investigative leads in police casework from,
pre,dimo,“ for example, blood found at crime scenes in cases without a suspect. Here, we investigated the possibilities and
Erp(fs:silccss limitations of predicting seven phenotypic traits (sex, age, height, body mass index [BMI], hip-to-waist [WTH]
Phenotyping ratio, smoking status and lipid-lowering drug use) using either DNA methylation or plasma proteins separately or

in combination. We developed a prediction pipeline starting with the prediction of sex followed by sex-specific,
stepwise, individual age, sex-specific anthropometric traits and, finally, lifestyle-related traits. Our data revealed
that age, sex and smoking status can be accurately predicted from DNA methylation alone, while the use of
plasma proteins was highly accurate for prediction of the WTH ratio, and a combined analysis of the best pre-
dictions for BMI and lipid-lowering drug use. In unseen individuals, age was predicted with a standard error of
3.3 years for women and 6.5 years for men, while the accuracy in smoking prediction across both men and
women was 0.86. In conclusion, we have developed a stepwise approach for the de-novo prediction of individual
characteristics from plasma proteins and DNA methylation markers. These models are accurate and may provide

valuable information and investigative leads in future forensic casework.

1. Introduction

The prediction of human traits and characteristics has potential for
use in forensic science, particularly in regard to provide investigative
leads in police casework. Such leads may help to reduce the number of
possible perpetrators in cases without a suspect, and to reduce the
number of individuals to be screened during DNA mass testing. The
prediction of traits based on genetic information, so-called forensic DNA
phenotyping, can be used to assign the sex of an individual and,
furthermore, may allow the prediction of several externally visible
characteristics and appearance such as hair, eye and skin colour, along
with face and hair morphology [1,2]. In addition to these characteristics,
predictions of others, such as age, height or weight, may contribute to
the identification of an unknown individual. Previous research has
demonstrated that epigenetic information, such as DNA methylation
levels, is correlated with age [3]. It has, moreover, been shown that the

DNA methylation status can be influenced by lifestyle choices such as
smoking [4]. Additional studies demonstrate that DNA methylation
levels across multiple methylation sites can be used to build models that
can predict the age of an individual [5,6]. One such model developed by
Horvath was based on 353 DNA methylation markers that could predict
the age of 50 % of studied individuals within 3.6 years of their actual
age. A later model developed by Hannum et al. consisted of 71 DNA
methylation markers and had a root mean square error (RMSE) of 4.9
years in the prediction of age [5]. Additional predictions from epigenetic
markers in relation to lifestyle habits, such as alcohol consumption [7],
have been suggested to be areas of future interest for forensic research
[8], although it has been shown to be difficult to replicate specific results
[9]. In addition to DNA methylation, mRNA and plasma proteins may
also be informative for the prediction of various traits, such as age [5]
and height [10]. For instance, circulating concentrations of plasma
proteins are strongly influenced by genetic variation [11,12] and are
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also reflective of anthropometrics, lifestyle, and the use of medication
[13]. Previous studies have indicated that these associations may be
strong enough to also be used for the prediction of these traits. An age-
and height-predicting model based on plasma proteins developed by
Enroth et al. [10] consisted of 29 and 26 proteins that predicted 50 % of
the studied individuals within 5.4 years of their actual age and 5.4 cm of
their actual height, respectively.

A challenging factor in actual forensic casework analysis is that DNA
or mRNA molecules degrade because of environmental exposures (e.g.,
high temperature, ultraviolet light and humidity) on the crime scene,
which complicates any phenotype analysis and the interpretation of
results. A recent study [14] by Walker et al. compared DNA-methylation
levels from DBS characterized with the Illumina 450 K bead chip with
coupled EDTA plasma in the same individuals and found very high
correlations between the two sample types. They were also able to
replicate associates with both age and smoking status from
DNA-methylation in DBS suggesting that at least for those traits,
DNA-methylation based prediction from dried blood could be possible.
A study by Dugue et al. [15] however also investigated the measurability
of DNA methylation levels from dried blood spots (DBS) and concluded
that although several DNA methylation sites showed acceptable tech-
nical performance, others did not, which restricted the selection of DNA
methylation markers for DBS analysis. Other studies have investigated
the measurability and correlation of proteins in wet plasma compared to
DBS [16,17]. It was found that although the detectability of proteins was
very high, the observed concentrations were sometimes different in DBS
compared to plasma indicating that the predictive models will likely
need to be retrained to fit the protein concentrations in DBS.

Here, we have investigated the possibilities and limitations of pre-
dicting several phenotypic traits using DNA methylation and plasma
proteins separately or in combination. We have developed a prediction
schema starting with the prediction of sex. This was followed by the sex-
specific stepwise prediction of individual age consisting of an initial
classification into broad age categories followed by category-specific
linear regression models. We then developed sex-specific models for
multiple anthropometric traits and, finally, lifestyle-related traits (e.g.,
current smoking status and the use of lipid-lowering drugs). These
characteristics were selected as possible traits of interest within forensic
casework after state-of-the-art research on previous results obtained in
the field. The different models were evaluated in a stepwise manner to
account for the influence of some traits on others and to minimise the
number of features in order to produce reasonably sized models suitable
for application in routine forensic casework.

2. Materials and methods
2.1. Samples
We used samples (Table 1) from the Northern Sweden Population

Health Study (NSPHS) [18]. The NSPHS is a cross-sectional study aiming
to investigate the effects of lifestyle and genetics on health and medical
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conditions. The original samples were collected in two phases; 719
samples were collected in 2006, and an additional 350 samples were
collected in 2009. For each participant, serum and plasma were pre-
pared from blood samples and stored at — 70 °C on site. A questionnaire
was used to collect data on medications and lifestyles. Anthropometrical
measurements were carried out, and the questionnaire was filled out at
the local health care centre in the presence of a district nurse. Current
smoking status and use of specific medical drugs was recorded as ‘yes’ or
‘no’ and the latest encoded using the Anatomical Therapeutic Chemical
(ATC) classification system. A total of 811 individuals were included in
the study based on the availability of molecular data (i.e., DNA
methylation and plasma proteins) (Table 1). For the stepwise age pre-
diction, the individuals were classified as being ‘younger’ (age below 40,
N = 257), ‘middle aged’ (ages 40-55, N = 211) or ‘older’ (ages above 55,
N = 343) to reflect broad biological processing of ageing such as
andropause or menopause and to provide groups of similar sizes. Indi-
vidual data were handled under an ethics permit (Regionala Etikprov-
ningsnamnden, Uppsala, Dnr. 2005:325, with approval of an extended
project period on 19-03-2016). All the analyses and data storage were
conducted on a secure server provided by Uppsala University.

2.2. Plasma proteins

The characterisation of plasma proteins from the NSPHS was per-
formed as previously described [13]. In brief, concentrations of proteins
in plasma were determined using a proximity extension assay (PEA)
[19]. The PEA is an affinity-based assay. For each protein, a pair of
oligonucleotide-labelled antibody probes bound to the targeted protein.
If the two probes were in close proximity, a PCR target sequence was
formed by a proximity-dependent DNA polymerisation event, and the
resulting sequence was subsequently detected and quantified using
real-time PCR. The resulting abundance levels were given in Normalized
Protein eXpression (NPX) on a log2-scale where higher NPX corre-
sponded to higher protein concentrations. Each proximity extension
assay has a lower detection limit calculated at run-time based on the
controls that are included in each run, and here, measurements below
these per-protein limits were removed from further analysis. The assay
characteristics, including detection limit specifications, assay perfor-
mance and validations, are available from the manufacturer (www.
olink.com). Here, plasma proteins were characterised using five
pre-assembled ‘panels’ defined by the manufacturer (Olink Target 96
Cardiovascular II and III, Inflammation, Neurology and Oncology II).
The details of this particular dataset have been published previously,
and after quality control, 477 unique proteins from 811 individuals were
kept for analysis [13].

2.3. DNA methylation

The DNA methylation data used here has been previously described
[3]. In brief, an [llumina Human Methylation 450k BeadChip was used
according to standard recommendations from the manufacturer

Table 1
General statistics of protein (top rows) and methylation (bottom rows) datasets.
Sex N Age™" Height™"
All 811 49.3 (20.0) 164.1 (9.6)
Men 377 49.5 (19.8) 171.0 (7.4)
Women 434 49.1 (20.2) 158.2 (6.9)
Sex N Age’ Height®
All 617 46.6 (20.5) 164.2 (9.6)
Men 285 46.7 (20.3) 171.0 (7.5)
Women 332 46.6 (20.7) 158.4 (7.0)

Weight™" BMI™" Smokers” LL drug users”
72.1 (15.2) 26.7 (4.8) 101 58

79.1 (14.4) 27.0 (4.5) 46 38

66.0 (13.1) 26.4 (5.0) 55 20

Weight" BMI" Smokers LL drug users
71.6 (15.3) 26.5 (4.8) 85 58

78.8 (14.8) 26.9 (4.5) 38 38

65.5 (12.9) 26.1 (5.0) 47 20

@ Data presented as mean (standard deviation).

b Data presented in the following units: Age — Years, Height — cm, Weight — kg, BMI (body mass index) — kg/m2, Smokers — current smoker, LL drug users — current

user of lipid-lowering drugs.
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(Ilumina, San Diego, CA, USA). Annotation datafiles for the location of
DNA methylation sites were downloaded from Illumina (Human-
Methylation450_15017482_v.1.1.csv.gz accessed on the 8th of February
2021, www.illumina.com). The methylation sites included here in the
modelling were preselected from the complete set based on previous
genetic or epigenetic associations in the literature in relation to the traits
of interest. The number of genes and methylation sites preselected for
each of the analysed traits are presented in Table 2. For sex, height,
adiposity and smoking all methylation markers from the array located
within genes previously indicated in, for example, genome-wide asso-
ciation studies were selected, and for age, methylation markers previ-
ously included in age-prediction models were selected. All sources and
references for this selection are presented in Table 2.

2.4. Statistical analysis

All data handling, model development, statistical evaluations of
models and results were performed with R Studio (version 1.4.1717)
[20] using the following add-on packages: Caret [21], dplyr [22],
tidyverse [23], pROC [24], ggVennDiagram [25], fBasics [26], data.
table [27], Glmnet [28,29], ggplot2 [30] and gridExtra [31]. After
quality control, the final dataset consisted of 617 individuals with a
complete data: 447 plasma proteins, DNA methylation levels at 4034
CpG sites and information on sex, age, height, body mass index (BMI),
waist-to-height ratio (WTH), smoking status (current smoker) and
self-reported usage of common medical drugs. No imputation of missing
values was carried out and samples with any missing values were
excluded from further analyses.

The models were trained on 75 % of the cohort using ‘glmnet’ and
‘naive Bayes’ functions depending on the outcome (continuous or
discrete). The models were optimised using cross-validation with five
folds and tuning grids for the optimisation of alpha (range from 0.1 to
0.9) and lambda (range from 0.001 to 0.5) parameters on the training
data only. The final models generated were then evaluated on the
remaining 25 % of the cohort. The predictive models for the different
traits were developed using the ‘glmnet’ method for regression models
and the naive Bayes method for classification models. For the naive
Bayes classification, supervised feature selection was used to first select
a subset of informative predictors using the recursive feature selection
tool (‘rfe’ in R). Model performance was evaluated in both training and
testing sets using Pearson’s correlation and prediction errors (mean
error and standard deviation error) for the glmnet function. Differences
in model performance were evaluated using two-sided Wilcoxon ranked
sum tests. Model performance for the naive Bayes method was assessed
based on accuracy, sensitivity, and specificity according to the following
formulas: sensitivity = true positives/total of positives, specificity = true
negatives/total of negatives and accuracy = (sensitivity + specificity)/2. Sex
prediction was done in terms of predicting ‘male’. Accuracies for two-
class predictions were calculated with a cut-off at the ‘best-point’, that
is, the closest point on the curve to perfect classification by Euclidean
distance, determined in the training data and then applied to the testing
sets.

Table 2

Literature-based pre-selection of markers for different traits (genes, methylation
sites and source). For age, the selection was done on published CpG sites
directly, not on genes.

Trait Number of genes Number of CpG sites Refs.
selected selected
Sex 30 597 [47-49]
Age 680 [5,6]
Height 51 988 [50-53]
Adiposity 48 970 [54-571
status
Smoking status 89 280 [58,59]
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3. Results
3.1. Overadll prediction strategy

The selected traits were modelled after considering possible factors
affecting the resulting predictions. Traits such as age and sex were thus
taken into account when developing the models for other traits. The
final goal was to create a model pipeline where sex would be the first
predicted trait, followed by age and then other characteristics using sex-
dependent models (Supplementary Fig. S1). After stringent quality
control (Methods) the final dataset consisted of 617 individuals with
complete data records. Models were trained on a random selection of 75
% of the individuals and then evaluated in the remaining 25%. Feature
selection was carried out only in the training proportion of the data.

3.2. Sex prediction

As sex is encoded in DNA, a model based on DNA methylation on the
X chromosome will be highly accurate for the prediction of sex. In our
data, a model was developed using a naive Bayes classifier consisting of
two CpG sites (cg07887243 and cg19246080, Supplementary Table 1)
located in the MAOB and ARSD genes, both located on chromosome X.
This model achieved perfect classification when evaluated with receiver
operating characteristics (ROC) and area under the curve (AUC), with an
AUC of 1.0 in both the training and testing datasets (Fig. 1A). We also
developed a model based on the protein data that used six proteins
(Leptin, MMP3, GH, ST2, MB, CD38; Supplementary Table 2). The
protein-based model achieved an AUC of 0.89 in the training set and
0.89 in the testing set (Fig. 1B) with no statistical difference observed in
the AUC performance between training and testing sets (DeLong’s test, p
= 0.72), suggesting that our methodology produced robust models. All
prediction measures for sex are listed in Supplementary Table 3.

3.3. Age prediction

The prediction of age was evaluated separately for men and women
using two different approaches. First, a linear regression model was used
to predict age directly from the data across the full age span of the
available samples (‘direct model’, Supplementary Table 4). Second, a
stepwise model consisting of an initial classification with naive Bayes
into three groups (< 40 years, > 55 years or ‘unclassified’) before an
age-group-specific linear regression model was used to predict indi-
vidual age. These age groups were selected as representatives of
‘younger’ (< 40), ‘middle aged’ (40-55) and ‘older’ (> 55). Individuals
not confidently assigned (resulting probability > 0.8) to the extreme
groups were labelled as unclassified in the initial step. For each of these
two age groups, a linear regression model was developed and trained in
the age span of the corresponding group. For the unclassified in-
dividuals, we reverted to a linear regression model trained across the
whole age span of the data (Fig. 2). We then evaluated age predictions
based on plasma proteins and DNA methylation separately or in com-
bination. The models were trained both on the complete training set and
then separately for women and men to assess the effect of sex on the
prediction of age. Finally, we evaluated the performance of sex-specific
models by applying the model trained on women to men and vice versa.

With the protein-only models, age was predicted with a Pearson’s
correlation coefficient between the actual and predicted ages of
R =0.94 for women and R = 0.92 for men in the training sets and
R=0.93 in both testing sets (all p-values < machine precision,
2.2 x 10’16), with a maximum standard error across any of the models
of 7.6 years (Table 3). The initial age-group classification used only
three proteins for men and eight for women, whereas the age-group
specific linear models used 40 and 15 proteins respectively for
younger and older groups, and 50 for the full age span model (Table 3).
For DNA-methylation-only modelling, correlations between actual and
predicted ages increased to R = 0.99 for both women and men in the
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Fig. 1. Receiver operating characteristics
(ROC) curves for sex predictions. (A)
Methylation-based sex prediction models using
training (dashed line, invisible) and testing
(solid line) sets. The indicated area under the
curve (AUQC) is with respect to testing data, the
black line represents the point estimate. (B)
Protein-based sex prediction models using
training (dashed line) and testing (solid line)
sets. The coloured areas indicate the 95 %
confidence interval surrounding the ROC curve
obtained in the testing data (sensitivity in red
and specificity in gold). The indicated AUC is
with respect to the testing data, the black line
represents the point estimate and coloured
areas 95 % confidence interval.
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Fig. 2. Schematic view of the pipeline model developed for age predictions. The pipeline is detailed for women but mirrored also in men.

A B
o _ < _
@ ©
o 7 oS A
©
go— gg-
- 2
jo3 Q
[ D+
S oS
o o
o o
AUC: 1.00 (1.00 - 1.00)
o o
o - T T T T 1 o~ T
1.0 0.8 0.6 0.4 0.2 0.0 1.0 0.8
Specificity
Naive
- ~ Baw
model
L -
Table 3

Age prediction models based on protein and methylation levels, alone or in combination.

Model Sub-grouping Set R Error’ P-value (train. vs. test.)’

PROTEINS Females Training 0.94 -0.53 (6.91) 0.24
Females Testing 0.93 0.43 (7.34)
Males Training 0.92 0.18 (7.58) 0.49
Males Testing 0.93 0.78 (7.28)

METHYLATION Females Training 1.00 -0.10 (2.09) 0.013
Females Testing 0.98 -1.26 (4.06)
Males Training 0.99 -0.10 (2.96) 0.14
Males Testing 0.95 -1.30 (6.35)

PROTEINS + METHYLATION Females Training 1.00 -0.068 (1.79) 0.21
Females Testing 0.99 -1.12 (3.32)
Males Training 0.99 0.079 (2.56) 0.0063
Males Testing 0.95 -0.96 (6.51)

2 Correlation factor estimate between actual and predicted (Pearson).

b Data presented as mean (standard deviation) of errors in actual vs. predicted age in years.
¢ Difference in error distribution between training and testing (two-sided Wilcoxon’s ranked test).

training set and R = 0.98 and 0.95, respectively, in the testing sets
(Pearson’s correlation, all p-values < machine precision, 2.2 x 10716),
with a maximum standard error of 6.5 years (Table 3). Ten CpG markers
were used in the age-group classifier developed for men and 15 in the
model for women. In addition, 41 and 33 CpG markers were used for the
continuous prediction of age within younger and older age groups,
respectively, and 49 predictors were used for the full-age-span model.
All protein and DNA methylation markers included in the analysis are
listed in Supplementary Tables 2 and 3. Finally, models built from a
combination of proteins and DNA methylation markers from the sepa-
rate models were developed. The combined model achieved significant
correlations between the actual and predicted ages of R = 0.99 for both
women and men in the training set and between 0.95 and 0.99 for the
testing sets (Pearson’s correlation, all p-values < machine precision,
2.2 x 107'%) and with a maximum standard deviation error between 3.3

and 6.5 years (Table 3). All selected proteins and DNA methylation sites
are listed in Supplementary Tables 1 and 2 with detailed performance
measures in Supplementary Table 5.

Stepwise model results were then compared to direct regression
models with similar performances in the vast majority of comparisons
(75 %, nominal p-value > 0.05 for difference in error distribution,
Supplementary Table 6). However, when using direct regression models
across the whole age span, the ages of older individuals tended to be
predicted as younger than their actual age and conversely, younger in-
dividuals were predicted to be older than their actual age (Table 3). This
phenomenon was not observed with the stepwise model. In addition, no
difference was noted in the error distributions achieved between specific
age-group models (Supplementary Tables 6 and 7) suggesting that initial
modelling with age groups yielded more consistent error distributions
across age ranges than a direct prediction model. Although age-
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group-related mean errors and standard deviations showed significant
differences in a few cases, no visible trends were found within the
different modelling groups as observed above with, for example, older
individuals being predicted as younger. Similar patterns were observed
when comparing direct and pipeline models for correlation and mean
error (Supplementary Table 7).

Finally, we evaluated sex-specific effects on age prediction and found
a significant decrease in the prediction performance. For example,
increased errors were found between actual and predicted ages from
protein-based models when a woman’s age was predicted using a model
trained on men (p-value < 0.009 for training and testing sets, respec-
tively; two-sided Wilcoxon’s ranked test). For methylation-based
models, a significant difference was observed when models trained on
women were used to predict the age of men (p-value < 0.04 with
training and testing sets, respectively; two-sided Wilcoxon’s ranked
test), implying that sex-specific age models provide more accurate pre-
dictions in these cases. All test statistics for sex-specific comparisons are
listed in Supplementary Table 8.

3.4. Anthropometric prediction

We next set out to predict individual height, BMI (continuous and
categorical) and WTH (continuous and categorical) ratios. The predic-
tion models for height based on proteins alone achieved correlations
(Pearson’s R) between actual and predicted heights ranging from 0.74 to
0.81 in the training set and between 0.65 and 0.72 in the test set. These
results corresponded to predictions (standard error) of the actual height
within 5.1 and 5.8 cm for men and women, respectively, in the test data
(Supplementary Table 9). The models based on DNA methylation ach-
ieved correlations (Pearson’s R) between 0.58 and 0.85 in the training
data and between 0.53 and 0.78 in the test set. These results corre-
sponded to predictions (standard error) within 5.7-6.7 cm of the actual
height in men and women in the testing proportion of the data. Lastly, a
model based on both protein and DNA methylation levels was developed
that achieved correlations (Pearson’s R) between 0.82 and 0.92 in the
training set and between 0.57 and 0.75 in the testing set. This corre-
sponded to predictions within 5.7-6.7 cm of the actual height in the test
data. All sex-specific models had slightly lower correlations than those
obtained with the combined models, although no statistical differences
were found in error distributions (all p > 0.1, two-sided Wilcoxon’s
ranked test). These models used between 15 and 68 features (Supple-
mentary Tables 1 and 2) with fewer features, in general, for models
based on DNA methylation compared to protein-based models. All pre-
diction measures and statistical support for height are listed in Supple-
mentary Table 9.

The same strategy was employed to predict BMIL. Consistent perfor-
mance was observed in training and testing sets with protein-based
models, resulting in significant correlations (Pearson’s R) between
actual and predicted values; 0.76-0.85 with training sets and 0.79 and
0.82 with testing sets. The prediction errors were within 3.1-3.4 BMI
units (kg/mz) for the test data (Supplementary Table 10). The results
showed a greater deviation when predictions were made using DNA
methylation markers. Here correlations ranged from 0.46 to 0.70 with
training sets and from 0.085 to 0.43 with test sets, corresponding to a
prediction within 3.8-5.8 BMI units (kg/mz) of the actual BMI values in
the test data.

The combined models achieved correlations (Pearson’s R) ranging
from 0.86 to 0.90 in the training set and from 0.69 to 0.83 in the testing
set corresponding to a prediction error within 2.1-2.4 for training data
and within 2.8-3.3 for test data. All prediction measures and statistical
support for continuous BMI predictions are listed in Supplementary
Table 10.

Adiposity status was predicted based on BMI categories established
by the World Health Organization (https://www.euro.who.int/). [32]
Study individuals were classified into six groups using a naive Bayes
model:  underweight (below 18.5kg/m?), normal weight

Forensic Science International: Genetics 65 (2023) 102871

(18.5-25 kg/m?), overweight (25-30 kg/m?), obese I (30-35 kg/m?),
obese II (35-40 kg/mz) and obese III (over 40 kg/mz). Due to the low
number of individuals in the most extreme categories, this modelling
was only performed after combining men and women. The protei-
n-only-based model used five proteins (LEPTIN, FURIN, FABP4, NCAN
and IL6) with a multiclass accuracy of 0.64 for the training set and 0.55
for the testing set. The DNA methylation-based model used only two
predictors (cg18473521 (HOXC4), cg19761273 (CSNK1D)) yielding less
accurate predictions, with a multiclass accuracy of 0.54 and 0.48 for
training and testing sets, respectively. Lower performance was observed
for the testing set compared to the training set, suggesting that it might
have been overfitted to the training proportion of the data. The model
based on both proteins and DNA methylation markers used seven pre-
dictors in total and achieved a multiclass accuracy of 0.66 in the training
data and 0.51 in the testing set. All prediction measures and statistical
support for categorical BM predictions are listed in Supplementary
Table 11.

Lastly, we used the data to predict WTH ratios with the same strategy
as above. Here, protein-based models showed a similar performance
using training and testing sets with correlations (Pearson’s R) between
predicted and actual values ranging from 0.81 to 0.84 in the training test
and 0.80 and 0.82 in the test data, respectively (Supplementary
Table 12). The predictions based on DNA methylation were less
consistent than those from using protein models, with correlations
ranging from 0.69 to 0.84 for the training set and 0.35 and 0.55 for the
testing set. Next, we attempted to classify individuals into discrete
groups, those with a ‘high’ (> 0.6) or a ‘low’ (< 0.6) WTH ratio. Using a
naive Bayes model based on five proteins, the obtained AUCs were 0.88
and 0.86 for training and testing sets, whereas we obtained AUCs of 0.78
and 0.79 for the model based on two DNA methylation markers and 0.86
and 0.89 for a combined model (Fig. 3A). In all tests, there were no
significant difference between training and the testing sets (p-val-
ue > 0.4, DeLong’s test). All prediction measures and statistical support
for continuous and categorical WTH predictions are listed in Supple-
mentary Tables 12 and 13.

All proteins and DNA methylation markers included in the anthro-
pometric models are listed in Supplementary Tables 1 and 2.

3.5. Lifestyle prediction

Models for predicting current smoking status (yes/no) of individuals
were developed using a naive Bayes method for men and women sepa-
rately and in combination. To compensate for the imbalance in the
dataset in smokers compared to non-smokers (Table 1), the data was
down sampled to 79 smokers and 79 non-smokers in a training set, and
22 smokers and 22 non-smokers in a testing set. An analysis performed
independent of sex resulted in a methylation-based model with eight
markers (Supplementary Table 1) that achieved an AUC of 0.91 and 0.89
in training and testing sets, respectively (Table 4, Supplementary
Table 14). Nine markers were used with each sex-specific model; the
AUC of the female model was 0.96 with the training set and 0.88 with
the testing set. The male model achieved an accuracy of 0.90 with the
training set and 0.83 with the testing set. No significant differences were
found between training and testing sets (all p-values > 0.32, Supple-
mentary Table 14). Similarly, protein-based models were created using
from four to18 markers (for men, women or combined) (Supplementary
Tables 2 and 14) achieving AUCs ranging from 0.69 to 0.98 in the
training and testing sets. Again, no significant differences were found
between training and testing sets (all p-values > 0.20, Supplementary
Table 14) except for the female model that performed significantly
better (p = 0.036) in the testing set compared to the training set (Sup-
plementary Table 14). Lastly, models that combined protein and DNA-
methylation markers achieved AUCs that ranged from 0.83 to 0.97 for
both training and testing sets, without significant differences between
such sets (Fig. 3B, all p-values > 0.21, Supplementary Table 14). All
prediction measures for smoking status are listed in Supplementary
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Table 4
Smoking status prediction models based on protein levels and methylation
markers alone or in combination.

Model Subgrouping  Set AUC"  P-value
(train vs.
test,
DeLong)

PROTEINS All Training 0.89 0.71

All Testing 0.87

METHYLATION All Training 0.91 0.67

All Testing 0.89
PROTEINS + METHYLATION All Training 0.92 0.75
All Testing 0.90

2 AUC, area under the curve.

Table 14.

In order to estimate the impact of smoking status on the prediction of
age, we retrained the age prediction pipelines for men and women on a
subset of the data containing only non-smokers. The models were then
evaluated separately for male and female smokers and non-smokers
(Supplementary Table 15). We found no statistical difference in the
distribution of prediction errors in women (p = 0.08 for the training set
and p = 0.21 for the testing set; two-sided Wilcoxon signed-rank test).
However, on average, smokers were predicted to be 1.23 years older
than their biological age. Among men, a clear trend existed towards
smokers being predicted to be older than their biological age, with on
average of 5.2 years in the training data and 5.3 years in the testing data.
However, this difference was only statistically significant in the training
proportion of the data (p = 9.8 x 10~% in the training set and p = 0.33 in
the testing set; two-sided Wilcoxon signed-rank test, Supplementary
Table 15).

Finally, we built models predicting the use of lipid-lowering drugs.
Drug users were defined as any individual using any drug catalogued
under the C10A-code (ATC/DDD code index by the World Health Or-
ganization). In our dataset, these agents corresponded to ‘HMG CoA
reductase inhibitors’ (C10AA), ‘fibrates’ (C10AB), and ‘other lipid
modifying agents’ (C10AX). Because the number of individuals for this
modelling was small, we did not build sex-specific models, but only a
combined model. Using naive Bayes, the resulting protein-based model
consisted of 11 proteins and achieved AUCs of 0.94 and 0.86 for training
and testing sets, respectively, with no statistical difference between sets
(DeLong’s test, p=0.31, Supplementary Table 16). The DNA

methylation-based model was built using 27 DNA methylation markers
and achieved AUCs of 0.89 and 0.87 for training and testing sets,
respectively (without a statistical difference found between sets,
DeLong’s test, p = 0.80). Lastly, the model with protein and DNA
methylation levels achieved AUCs of 0.94 and 0.86 for training and
testing sets without a statistical difference found between sets (Fig. 3C,
DeLong’s test, p = 0.31). For lipid-lowering drugs, all features included
in the models are listed in Supplementary Tables 1 and 2 and all per-
formance measures are listed in Supplementary Table 16.

4. Discussion

It is very common to find stains of biological material (e.g., blood,
semen, saliva) at crime scenes. Therefore, being able to obtain infor-
mation about the individual who deposited the biological material is
important for quickly moving an investigation forward. Great progress
has been made over the last few decades within forensic genetics in
respect of making DNA analysis a primary tool for human identification.
A routine analysis is based on short tandem repeats (STR), relying on a
match between the STR profile from a crime scene sample with the
profile of a suspect or a profile in a criminal database [33,34] In the
absence of suspects or database matches, other investigative tools are
helpful to support the investigation with investigative leads. In these
non-suspect cases, a mass population screening (or dragnet) may be a
possible solution. However, such an approach is time consuming, would
require enormous resources and be based on clear ethical guidelines.
The main objective of this study was to provide prediction models for
specific human traits that can help with investigative leads in forensic
investigations. Predictions of appearance and lifestyle factors can limit
the number of interesting individuals in a mass screening or limit the
number of persons of interest (POIs) in a way that makes mass screening
unnecessary. To date, we have developed models based on proteins and
methylation markers in blood to predict seven traits (sex, age, height,
BMI and WTH ratio, smoking status, and lipid-lowering drug usage) with
good to excellent accuracies.

Sex and age models showed good predictive values using both pro-
tein and methylation levels; however, the age models showed marked
accuracies and correlations using methylation levels. Our approach with
first assigning individuals to an age group and then predicting contin-
uous age also improved the overall performance of the predictions,
specifically for those based on proteins although differences were not
always statistically significant. In addition, when comparing predictions



M.O. Llobet et al.

based on proteins in stepwise modelling to a direct approach with
continuous age-prediction, we did not observe a tendency to predict
older individuals as younger (and vice versa). Several previous studies
predicted age from DNA methylation and a common association is made
with markers located in the ELOVL2 gene, for instance in Johansson
et al. [3]. Here the ‘cg16867657' marker located in the promoter of the
ELOVL2 gene was present in all age-predicting models (both stepwise
and direct). In conclusion, our data indicates that, when possible,
methylation-based models should be the method of choice for the pre-
diction of age and sex over protein-based models. However, when DNA
is not available or usable, protein-based models can also offer infor-
mative predictions. Using methylation-based models resulted in accu-
rate predictions when also assessing smoking status, suggesting that it
would be possible to predict if blood collected at a crime scene came
from a smoker or not. In this study, only self-reported current smoking
status data was available; we could not investigate whether it was
possible to predict high or low usage (i.e., the number of cigarettes
smoked per day) nor distinguish former smokers from non-smokers.
Previous studies have shown that it is also possible to separate former
smokers from non-smokers [35] with high accuracy (AUC = 0.77) in
addition to current smokers vs. non-smokers (AUC = 0.90) from only 13
DNA methylation markers for both sexes. In comparison to our current
smoker models based on eight to nine DNA methylation markers, seven
of the 13 markers were common. There were, however, some note-
worthy differences. For instance, the two markers ‘cg22132788’ and
‘cg12803068’ located in the MYO1G gene were included in the
13-marker model but selected here only for the model predicting
smoking status in women. Changes in DNA methylation patterns due to
smoking in these two markers have previously been described to be
present in children of at least 5.5 years of age and linked to prenatal
exposure to maternal tobacco smoking [36]. In our data, protein-based
models resulted in better prediction accuracies and correlations than
DNA methylation for height, BMI, WTH ratio and lipid-lowering drug
usage. For these traits, methylation-based models showed low correla-
tions and accuracies, resulting in erroneous predictions. Here, DNA
methylation levels originated from whole blood. That DNA methylation
markers may result in a better performance if samples were obtained
from specific tissues cannot be excluded. For BMI and the WTH ratio, a
group classification was developed for well-established groups based on
BMI and according to ‘high’ or ‘low” WHT ratios. In the context of these
classifications, it may be of interest to have at least a vague idea of such
characteristics of the sample donor in forensic casework (for example, an
eyewitness statement).

The main strength of this study was the availability of both plasma
protein and DNA methylation measurements from a large number of
well-characterised individuals. This allowed us to compare the perfor-
mance of both data types and to use separated proportions of the cohort
for training and testing, yielding realistic estimates of the performance.
Overall, very high accuracies and correlations were obtained for pre-
dictions of both sex and age using DNA methylation alone or in com-
bination with proteins, while good results were obtained for protein-
based models (i.e., adipose status) and for methylation-based models
in relation to smoking status. In parallel, a reduction in the number of
predictors was carried out with the idea of also facilitating routine
analysis in limited and degraded forensic samples. Across all models
built in this study, 176 unique proteins and 283 unique methylation sites
were used in the final models developed for the studied traits (Supple-
mentary Table 17). As a comparison, the first molecular clock model
suggested by Horvath [6] in 2013 was based on 353 unique methylation
sites but later studies have used a lot fewer sites suggesting that im-
provements can likely be made in terms of number of ongoing variables.
In comparison to those models, our stepwise model, based on DNA
methylation only, predicted 50 % of individuals within 2.2 and 2.4 years
for women and men, respectively, in the test proportion of the data
compared to 3.6 years overall reported by Horvath. Here, the models
based on proteins only predicted 50 % of individuals in the test
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proportion of the data within 3.9 and 3.6 years for women and men,
respectively. The model introduced by Hannum et al. [5] reported an
overall RMSE of 4.9 years. Here, the stepwise model based on DNA
methylations only had an RMSE of 4.2 and 6.4 years for women and
men, respectively, in the test proportion of the data. More recently,
models based on smaller sets of DNA methylation markers for pre-
dictions of age have been reported. Vidaki et al. [37] for instance,
developed a model for forensic age prediction based on only 16 CpG sites
to achieve a mean absolute error (MAE) of 4.4 years in their test set.
Using the same error measures here, we achieved a MAE of 3.1 and 3.2
years in the test proportion of the data for women and men, respectively,
using a stepwise model based on DNA methylation only. The same
performance measures for the models based on proteins only were 5.2
and 5.3 years for women and men, respectively. The largest model here,
the combined model predicting height, was built using a total of 130
proteins and DNA methylation markers. In the testing proportion of the
data used here, this model explained 56.4 % of the variance in height.
For traits such as height, which has a strong heritable component, ge-
netic variance such as single nucleotide polymorphisms (SNPs) can also
be used to explain observed variance between individuals. For height in
particular, a recent investigation by Yengo et al. [38] attributed 40 % of
the observed variance among individuals of European ancestry to 12,
111 SNPs. Although a limited comparison, using epigenetic and protein
biomarkers seems to be a more promising route to highly accurate
predictions of height than genetic variation encoded in DNA. Across all
models built here, a total of 40 and 63 of the DNA methylation markers
and protein biomarkers were present in at least two different prediction
models, respectively (Fig. 4). The ‘cg01820374’ was the DNA methyl-
ation marker present in the highest number of models (age, BMI,
waist-to-height ratio and lipid-lowering drug usage). This marker is
located within the LAG3 gene and has previously been associated spe-
cifically with predicting age [6], as a prognostic marker in triple nega-
tive breast cancer [39] as well as being associated with cardiovascular
disease and all-cause mortality [40]. The protein present in the highest
number of models (age, height, BMI, waist-to-height ratio and smoking
status) was the ‘neurocan core protein’ (UniProtID: 014594, ‘NCAN’).
This protein has been associated [41] with a variety of biological pro-
cesses such as cell adhesion, and skeletal system and central nervous
development. DNA variation in the coding gene has previously been
associated with bipolar disorder [42] although, to the best our knowl-
edge, no previous specific association has been shown in the traits
modelled here. We also compared the models developed using only
proteins with models developed using only methylation markers as
predictors, which may provide a good alternative to the use of DNA for
the prediction of most of the traits. Lastly, we also introduced a work-
flow for the sequential prediction of various traits to allow us to account
for a possible interaction between different traits (e.g., sex and age).
Our study had several limitations. First, all analyses were based on
samples of large amounts of biological material collected under
controlled conditions that might not be comparable to samples collected
at a crime scene. The samples used here have also been stored for several
years in freezers that could affect molecular measurements, especially
for measurable protein concentrations [43]. In addition, forensic sam-
ples are often challenged by environmental exposure leading to damage,
degradation and decreased amounts of DNA, and most likely also
degraded proteins. Therefore, forensic DNA assays often rely on a small
set of targets, short amplification targets and optimised protocols that
could affect the precision of the proposed modelling. Second, the in-
dividuals participating in the study were all from the northern parts of
Sweden and a future replication of the study is warranted in other co-
horts. Finally, the underlying number of observations for some of the
traits, especially when considering sex-specific models, was low, which
affects the certainty of the prediction measurements and the ability to
obtain robustly performing models across both training and testing
proportions of the data. Despite the limitations in the current study, we
demonstrate the potential in using a combination of protein and
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methylation markers for predictions of both externally visible charac-
teristics and lifestyle factors.

Here a total of 283 DNA methylation markers and 176 proteins were
used across all models. Although this is a fairly large set of features,
recent developments, especially in the affinity-based proteomics area,
now allow for highly multiplexed characterisation of hundreds of pro-
teins from minute amounts of material [44], including from dried blood
spots [17]. Similarly, for DNA-methylation, previous studies have shown
[14,15] that although it is technically possible to analyse hundreds of
thousands of methylation markers using high-throughput assays from
dried blood, there are also difficulties, and some markers cannot be
reliably measured using this technology. In addition, not having previ-
ous knowledge of exactly which markers that can be reliably measured
under which circumstances adds to the uncertainty of the prediction
models. Future studies, ideally with larger sample sizes and denser data,
will likely identify additional markers providing an equally good or
more accurate prediction of individual characteristics, albeit based on
fewer variables. When optimal markers have been identified and repli-
cated, and the number of markers to use has been minimised, an optimal
forensic assay can be designed. It is, however, likely that different sets of
markers offer robust predictive performance in different sample types
and substrates, such as dried blood on a solid surface or cloth. Here, we
have employed a novel approach to the prediction of age starting from a
broad characterisation of age groups based on semi-arbitrary cut-offs (e.
g., under 40 and over 55 years). Although these precise cut-offs them-
selves have limited forensic profiling capabilities, the methodology
could be expanded to additional age categories given a larger cohort.
This could provide the capability to predict age with certainty and with a
more acute forensic or jurisdictional relevance such as above or under
the age of 18 or 21. Precise prediction of life-style related phenotypes
through DNA-methylation, termed epigenomic lifestyle prediction [8]
could offer the opportunity to build a very rich profile of an unknown
individual. Traits, such as smoking status or the use of lipid-lowering
drugs as analysed here, perhaps do not contribute to the potential
identification of an individual based on visible characteristics but may
still add valuable information [45]. With high-throughput DNA-me-
thylation characterization, a large variety of traits ranging from alcohol
consumption, disease risk and even dietary habits could potentially be
predicted [8,45]. Although prediction beyond visible traits could help

identify an individual, there are several ethical concerns regarding in-
dividual privacy that needs to be considered [46] and predictions of this
type should be used selectively and ideally based on national guidelines.

In conclusion, we have developed a stepwise approach for the de-
novo prediction of personal characteristics from plasma protein and
DNA methylation markers. These models are accurate and may provide
valuable information and investigative leads in future forensic case-
work. These models may also be valuable in epidemiological studies,
when such information is lacking, and these traits may be predicted from
the analyses of biological samples.
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