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Abstract
In tool mark identification, there is still a lack of characteristics and methodologies 
standardization used to analyze and describe sharp force trauma marks on skeletal 
remains. This study presents a classification method for cut marks on human bones, 
providing an applicable methodology for their examination and the relevant terminol-
ogy for describing cases of sharp force trauma. A total of 350 cut marks were produced 
by stabbing pig ribs (Sus scrofa) with seven knives. The samples were analyzed under 
a stereomicroscope with a tangential light source. Through the analysis of cut marks, 
eleven traits were identified as significantly associated with the type of knife used. 
These traits included the general morphology of the kerf shape, the entrance and exit 
cross-profile shapes, the location of the rising on the entrance and exit cross-profile, 
the presence or absence of feathering, the presence or absence of shards and the loca-
tion and the general morphology of the mounding. Binary logistic regression models 
were later trained and tested using nine out of the eleven traits. The first model cat-
egorized the cut mark as either produced by a serrated or non-serrated blade, while the 
second, as either produced by a single- or double-beveled blade. Classification scores 
of those models ranged between 63%–85% for the serration class and 63%–89% for 
the blade bevel class. This study proposes a new set of traits and the use of machine 
learning models to standardize and facilitate the analysis of stab wounds.
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Highlights

•	 This study provides a set of traits and their reliability for the classification of cut marks.
•	 Single rising and Y cross-profile showed a high association with single-beveled knives.
•	 Shards and feathering were exclusively observed in cut marks produced by serrated knives.
•	 A logistic regression method has been provided to correctly classify serrated, non-serrated, 

single- and double-beveled blades.
•	 Machine learning minimizes the necessity of having an experienced observer if multiple vari-

ables are involved.
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1  |  INTRODUC TION

In England and Wales during the last four years, the homicide rate was 
between 10 and 15 per million, showing an increase between 2001 and 
2013. Overall, the homicide rates ranged between 5 and 15 per million 
in the last 60 years. In terms of homicide methods, Home Office police-
recorded statistics reported in 2020 that 35% of homicides in the last 
40 years were committed using sharp implements, mostly knives [1]. 
The recorded numbers suggest an increasing need for knowledge of 
the sharp force trauma dynamics. Sharp force injuries can be divided 
into stab, incised, and chop wounds. They are produced by different 
types of tools, and their identification and classification depend on the 
different patterns left on the bodies. In the present study, the authors 
considered and analyzed uniquely stab injuries produced by knives. 
Stab injuries are produced by the implement penetrating the body and 
leaving a characteristic deep and narrow cut on the bones. Previous 
studies in knife trauma analysis have mainly focused on determining 
the class to which the cuts belong, such as serrated and non-serrated 
knives [2]. In contrast, only a few authors started to focus on individual 
characteristics that are unique and distinct for specific implements 
[3–5]. Metric variables, mostly the width, depth, and length of the 
kerfs, have been investigated by several studies. However, the results 
showed that these characteristics are highly influenced by different 
variables, such as the force or direction of the stabbing or are the re-
sult of the composition of the stabbed material [6, 7]. Further research 
identified numerous morphological variables, focusing on reporting 
the observable traits, their frequencies within the tool class, and the 
technique used for the analysis [8–16]. Nevertheless, applying these 
results when required is highly problematic due to differences in labe-
ling, sometimes lack of unambiguous descriptions, differences in the 
surfaced analyzed (bones or cartilage) and the overall limited presence 
of validation studies for knife stab injuries [6, 16–22].

In 2012, Love et al. [17] used the classification tree method to 
categorize costal cartilage cut marks. Parameters linked to striations, 
such as presence, type, and size, were used to classify three knives. 
The results showed low classification rates, and the reliability of the 
observations was not addressed. In 2013, Crowder et al. [18] ana-
lyzed error rates when comparing the knives, the substances they 
cut into, and how they observed the traits -directly or indirectly- 
using three different experienced observers. The authors achieved 
higher classification rates than Love et  al. [17]. Furthermore, they 
highlighted the importance of the observer experience in the analy-
sis of stab injuries produced by knives [18].

In recent years, Ghui et al. [16] developed a flowchart to classify 
serrated from non-serrated knives. The study also yielded high classi-
fication rates and introduced the trait “shards” to distinguish between 
macro and micro-serrated knives. However, similarly to Love et al.'s 
method [17], the reliability of the traits' observations was not reported.

One key insight from Crowder et  al.'s [18] study is the signifi-
cant role of the observer's experience in classifying the knife, par-
ticularly when multiple characteristics are recorded. To address this 
limitation, the authors of the present contribution propose using a 
machine learning algorithm as a novel approach that can potentially 

overcome the subjectivity of human observation and provide a more 
objective classification of knife stab wounds.

According to Arthur Samuel [23], machine learning (ML) is defined 
as the field of study that gives computers the ability to learn without 
being explicitly programmed. It is mainly used to handle large amounts 
of data more efficiently and to resolve tasks that the human mind is 
unable to solve directly [24, 25]. These tasks are the procedures that a 
machine learning system can use to process a dataset: a collection of 
features. Different algorithms could be used to process the dataset, 
and they are categorized by what kind of dataset they can use as train-
ing datasets [24]. Unsupervised algorithms process a dataset that is not 
labeled, and their main goal is to learn about the intrinsic properties 
of the dataset. Clustering algorithms or principal component analysis 
(PCA) are examples of unsupervised algorithms. On the opposite side, 
supervised algorithms process variables associated with a label or a tar-
get, usually provided by the human hand, and they learn to associate 
the inputs x with the outputs y. Two algorithms help classify or pre-
dict a value for supervised learning: classification models with discrete 
values as outputs and regression models with continuous values as 
outputs. Logistic regression is an example of a supervised learning al-
gorithm and can be used to predict a categorical dependent variable 
using a dataset of independent variables. It can classify an observa-
tion into two (binary) or more categories (multinomial). For a binary 
logistic regression, the goal is to train a classifier to give probabilistic 
values that lie between 0 and 1 or any other dichotomous category, 
e.g., “Pass” or “Fail”, “True” or “False” [26]. The classification of the 
probabilistic value in one of the two categories is performed using a 
decision function (threshold) [27, 28]. The binary logistic regression 
algorithm is well-suited for solving knife classification problems, as 
the outcome gives the knife's category to which the cut mark belongs 
(e.g., serrated) using <0.5 or >0.5 as the decision threshold.

Therefore, the present paper aims to address the problems that 
have emerged during the last few years by proposing a methodology 
for classifying knife cut marks. It will be accomplished by achieving 
the following objectives:

1.	 determining and describing the traits practical to identify knife 
classes.

2.	 establishing the use of an accessible technique using binary lo-
gistic regression that reduces the necessity of more experienced 
researchers when more traits are considered.

3.	 establish the classification accuracies of such a technique.
4.	 measure the reliability of the observations (inter- and intra- ob-

server error analysis).

2  |  MATERIAL S AND METHODS

2.1  |  Impact medium and implements

Pig ribs (Sus scrofa) purchased from a local store were chosen for 
this study as it has been shown that the chest and the back are the 
most common sites for stabbing knife trauma [29]. The ribs were 
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    |  3STEIGER and BORRINI

defleshed, and any grease and dirt residue were removed with dish-
washer soap and water.

Seven knives were selected to create cut marks in the ribs, each 
with slightly different characteristics to have heterogeneity in the 
sample (see Table  1). They were newly purchased to avoid a pos-
sible production of artifacts on the cut marks from broken tips of 
previously used knives. Some knives were purchased from the local 
supermarket, while most single-beveled knives were purchased via 
amazon.​co.​uk and anyth​ingle​fthan​ded.​co.​uk websites. Three dif-
ferent types of grinds were selected, chisel, saber, and full flat. All 
the grinds besides the chisel grind have a bevel edge (see Figure 1), 
hence the sharpness on both sides. All the grinds with this sharpness 
were called double-beveled knives instead of single-beveled ones. 
The right side of the blades was defined as the side towards the right 
of the person handling the knife while having the point aimed away 
from them.

280 cut marks (40 per each of the knives) were produced with 
the knives' blades placed perpendicular to the superior surface of 
the bones. The cut marks were made using one forward and one 
backward motion to mimic a stabbing motion into the chest. An 
attempt was made to keep the force and movement range con-
stant throughout the marks' production. The action was, however, 
operator-dependent: for consistency, the same operator performed 
all the cuts. A right-handed person produced the cut marks, and the 
direction of the movement was marked with an arrow, making the 
entrance and the exit extremities identifiable. Additionally, a sepa-
rate validation dataset consisting of 70 cut marks (10 cuts per knife) 
was later produced by the same person with the same modalities as 
the previous dataset.

2.2  |  Microscopic analysis

The first author (Observer 1) performed microscopic analysis on the 
training and validation datasets. From the training dataset, Observer 
1 collected the categories of traits that were used as input variables 

to train the logistic regression algorithms. From the second, the cat-
egories collected were used to evaluate the models' performances. 
The analysis of the cut surface was conducted using a Zeiss Stemi 
DV4 Stereo microscope with an 8× -32× zoom magnification range, 
and the analyst was allowed to use the full range for each cut mark. 
A tangential white light source was used in addition to the stereomi-
croscope's light to exhibit the cut mark characteristics more clearly. 
Figure 2 depicts the labels based on Capuani et al. [5] and Tennick 
[8] that have adopted by the authors in the results section of the 
present study. The variables and their categories were determined 
with a combination of different approaches: some of them were 
previously chosen from the literature and then observed in the data 
collection, some of them were recorded and later identified in the 
literature based on the characteristics presented during the data col-
lection process while some variables were only observed during the 
data collection.

The kerf and cross-profile shapes were two variables identi-
fied during the literature review. The kerf shape, which is the cut 
produced by the knife, was first recorded by Lewis in 2008 [9]. 
Capuani and colleagues [8] determined that serrated knives leave 

Knife n° Type of knife
Type of 
serration Type of bevel

1 Sushi knife
Chisel-beveled

Non-
serrated

Single-beveled
Bevel edge on the right side

2 Paring knife
Chisel-beveled

Non-
serrated

Single-beveled
Bevel edge on the right side

3 Paring knife
Saber grind

Non-
serrated

Double-beveled

4 Utility knife
Full flat grind

Non-
serrated

Double-beveled

5 Meat knife
Chisel-beveled

Serrated Single-beveled
Bevel edge on the left side

6 Meat/vegetable knife
Chisel-beveled

Serrated Single-beveled
Bevel edge on the right side

7 Meat knife
Chisel-beveled

Serrated Single-beveled
Bevel edge on the right side

TA B L E  1  Knives used in the study.

F I G U R E  1  Anatomy of a knife and a blade: Close up on a 
serrated blade (Top left).
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4  |    STEIGER and BORRINI

a wider kerf than a narrower mark from non-serrated knives while 
Vachirawongsakorn et al. [10] and Ghui et al. [16] described specific 
shapes: linear, ellipse, rectangular, trapezoid, B-shaped, crescent-
shaped and irregular. Regarding the shape cross-profile, different au-
thors have frequently described the characteristic V shape produced 
by knives [10–12, 16, 19]. However, more studies identified a dif-
ference between the cross-profile left by serrated and non-serrated 
knives. In 2012, Tegtmeyer [12] identified that non-serrated knives 
leave a V cross-profile, while serrated knives leave a Y cross-profile, 
characterized by a vertical wall corresponding to the side with the 
serration. Although many studies reported these traits as distinctive 
for serrated and non-serrated knives, this study hypothesized that 
a non-serrated single-beveled knife could also produce a Y shape.

The bone formation on the kerf's edges, produced by the passage 
of the blade on the bone, was considered a trait in this study. Several 
studies have documented the trait, though labeled with different 
names: edge ridging, mounding, kerf margin, and edge mound [4, 5, 
10, 11]. A specific distinction in the terminology used to describe this 
bone formation was made by Capuani et al. [8]. When the ribs were 
tilted by 90°, and the extremities were observed, the variable rising 
was recorded. The differentiation between the trait mounding and 
the rising was considered in this study, and it was hypothesized that 
the side of the bevel edge corresponded to the type of rising, unilat-
eral for single-beveled and bilateral for double-beveled.

The last characteristic considered was the presence of tiny bony 
shards in the cut mark. Three authors identified it as a significant 
diagnostic trait to differentiate between non-serrated and serrated 
knives [9, 16, 19, 21].

The shape and mounding observations were performed by 
placing the cut perpendicular to the observer. In contrast, the 
cross-profile observations were conducted by tilting the cut by 
90° (Figure  3). To define the mounding variable based on the ob-
servations, the cut mark was qualitatively divided into three differ-
ent zones: entrance, center, and exit, following the similar division 

proposed by Tennick [5] (Figure 3). The variables and the categories 
were first described for clarity, and each trait was labeled according 
to their location.

A subset of the validation sample consisting of 20 cut marks (10 
for knife numbers 3 and 5) was used to test the intra- and inter-
observer reliability. Two additional researchers with different train-
ing experience in cut marks analysis examined the cuts and classified 
the category for each trait. Observer 2 was a master's student in 
forensic anthropology, while Observer 3 was a professional forensic 
anthropologist. The tests were conducted 12 months after the anal-
ysis of Observer 1.

2.3  |  Statistical analysis and machine learning

The traits identified in the literature and the further microscopic 
analysis were used as independent variables to train binary logistic 
regression algorithms.

Two separate models were developed to determine which knife 
class produced the analyzed cut mark. The former predicted the 
type of serration—serrated vs. non-serrated—, while the latter pre-
dicted the type of bevel—single- vs. double-beveled—.

Chi-squared tests of independence and a multicollinearity test 
were performed to decide which independent variables to include. 
Chi-squared tests of independence evaluated which traits depended 
on the type of serration or blade bevel (α = 0.05 significance level), 
while multicollinearity was used to test whether the input variables 
showed a high correlation between each other. A VIF of more than 
5 indicates high collinearity, which can influence the model's perfor-
mance [30].

Machine learning models can be prone to overfitting; they per-
form exceptionally well on the training dataset while performing 
worse on the validation dataset, failing to generalize to unseen data. 
To detect models' overfitting, 10-fold cross-validation was used on 

F I G U R E  2  Anatomy of a kerf.
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    |  5STEIGER and BORRINI

the training dataset. The dataset was partitioned into ten equally 
sized subsets (fold). The model was then trained and evaluated ten 
times, using each time a different fold as the test set and the remain-
ing nine folds as the training set. The performance metrics were then 
averaged, providing reliable estimates and helping operate hyper-
parameter tuning. The validation dataset was then used to evaluate 
how well the model generalizes on unseen data.

During the evaluation process, the authors compared vari-
ous performance metrics such as accuracy, F1 score, recall, and 
precision. These metrics were measured across the train sets, the 
cross-validation test sets, and the validation sets, providing a com-
prehensive view of the model's performance.

Classification accuracies for each knife and for each class of knife 
were reported.

In this case, accuracy denotes the capability of Observer 1 or 
the algorithms to correctly classify cut marks into their respective 
knife classes.

Fleiss' kappa was used as a metric for inter- and intra-rater 
reliability as it assesses the degree of agreement among two or 
more observers when evaluating a categorical response variable. 
This metric expresses the strength of agreement between raters 
beyond what would be expected by chance alone by placing the 
resulting value between −1 and 1. The resulting ks were then clas-
sified based on Altman's adaptation of Landis and Koch guidelines 
[31, 32].

All the statistical analysis was conducted using SPSS 29.0.1.0 
[33] and Python 3.10.5 [34]. The classification algorithms were 
trained and evaluated using Python 3.10.5 and Jupyter Lab 3.4.3 
[34].

3  |  RESULTS

3.1  |  Shape

Three categories of the shape variable (general morphology) were 
identified during the microscopy study. They were observed by 
looking at the surface of the kerf. Three diagnostic shapes were 
identified: Ellipse, D, and Indeterminate. The Ellipse shape was the 
same as identified in the literature [10, 16].

•	 An Ellipse is characterized by the cut mark having an elliptic shape: 
both the edges of the cut mark are rounded. The entrance and the 
exit extremities of the ellipse have the same angle (Figure 4A).

•	 A D shape is characterized by one border of the cut mark being 
straight. The rounded border, similar to the belly of the letter D, 
can be on either side, depending on which side of the blade there 
is beveling on (Figure 4B).

•	 If neither an Ellipse nor a D is identifiable, then the shape is classi-
fied as Indeterminate.

Table 2 reports the frequency counts of each shape recorded for both 
classes. The D shape was primarily observed in cut marks left by single-
beveled knives, while the E shape was mostly in non-serrated knives.

3.2  |  Cross-profile shape

The two categories of the cross-profile variable (general morphol-
ogy), previously suggested from the literature [12], were observed 

F I G U R E  3  Representation of the 
two observation's point of views. 
Perpendicular to the cut, showing the cut 
division (Top) and tilted by 90° (Bottom).
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6  |    STEIGER and BORRINI

during the microscopic data analysis by tilting the rib by 90°. The 
two categories are V shape and Y shape. This trait was recorded on 
both extremities—entrance, and exit—of the cut mark. The following 
characteristics can identify the two diagnostic shapes:

•	 A V shape cross-profile is characterized by having both the walls 
of the kerf obliquely oriented, with an acute angle (Figure 5A).

•	 A Y shape cross-profile is characterized by having one wall of the 
kerf vertical at 90°, while the second wall is inclined with an acute 
angle (Figure 5B).

The frequency counts for the cross-profile are shown in Table 3. 
The cross-profile Y shape was observed exclusively for single-
beveled knives, while the V shape was found in both types of knives. 
For the recording of the cross-profile shape, it should be noted 
that for knife 5, due to the high amount of shards present and the 
irregularity of the extremities of the walls, if the Y shape was not 

distinguishable, the cross-profile was classified as V shape. From the 
analysis conducted on the 280 cut marks, it was observed that knife 
1 and 5 showed the Y cross-profile on the entrance.

3.3  |  Rising

The categories of the rising variable (location) were chosen from the 
literature [8]. They were observed by looking at the cross-profile. 
The three categories are: single, bilateral, and absent. This trait was 
recorded for both extremities of the cut mark. Three diagnostic loca-
tions can therefore be identified as follows:

•	 A single rising is characterized by having either the left or the 
right edge extremity stretching out above the surface of the cut 
(Figure 6A).

F I G U R E  4  Example of the two kerf shapes Ellipse (A) and D 
shape (B).

Non-serrated Serrated Single-beveled
Double-
beveled

E 109 (68.1%) 29 (24.2%) 67 (33.5%) 71(88.8%)

D 31 (19.4%) 88 (73.3%) 119 (59.5%) 0 (0%)

Indeterminate 20 (12.5%) 3 (2.5%) 14 (7%) 9 (11.3%)

TA B L E  2  Frequency counts of the 
shape's categories in the serration class 
and in the blade bevel class.

F I G U R E  5  Example of the two cross-profile shapes V shape (A) 
and Y shape (B).
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    |  7STEIGER and BORRINI

•	 A bilateral rising is characterized by having both extremity edges 
stretching out above the surface of the cut (Figure 6B).

•	 An absent rising is characterized by not having either extremity 
edges stretching out (Figure 6C).

The single rising was primarily found in cut marks produced by 
single-beveled knives (see Table 4).

3.4  |  Feathering

The categories of the feathering variable were chosen from the lit-
erature as they were observed by looking at the surface of the cut 
[9, 16]. The two categories are: present and absent. This category is 
characterized by the edge having bone spurs with a jagged appear-
ance which is almost “feather-like” (Figure 7).

The feathering variable was most frequently recorded for single-
beveled and serrated knives (see Table 5).

3.5  |  Shards

The categories of shards variable were chosen from the literature [9, 
16, 19, 21]. They were observed by looking at the surface of the cut. 
The two categories are: present and absent. The category is charac-
terized by the surface and the surrounding area of the cut presenting 
with flake-like bone spurs (Figure 8).

The presence of shards was primarily recorded in single-beveled, 
serrated knives, as shown in Table 6.

3.6  |  Mounding

The categories of the mounding variable were identified during 
the microscopy study. They were observed by looking at the cuts' 
surface. Two variables of mounding were observed during the data 
analysis.

The first variable (location) was recorded on both extremities 
and the center area of the cut mark. It included three diagnostic lo-
cation categories: single, bilateral, and absent, which could be iden-
tified by the following characteristics:

•	 A single mounding is characterized by a rounded, "wave-like" for-
mation of the bone spur on either one of the edges of the cut 
(Figure 9A).

•	 A rounded, "wave-like" formation of a bone spur on both edges of 
the cut characterizes a bilateral mounding.

•	 An absent mounding is characterized by the absence of any 
rounded, "wave-like" bone spur formation on either edge of the 
cut (Figure 9B).

The second variable, which was recorded as general morphol-
ogy, included three categories that are: marked, not marked, and 

TA B L E  3  Frequency counts of the cross-profile's categories of 
the entrance and exit areas in the serration class and in the blade 
bevel class.

Non-
serrated Serrated

Single-
beveled

Double-
beveled

Entrance

V 127 (79.4%) 49 (40.8%) 97 (48.5%) 79 (98.8%)

Y 33 (20.6%) 71 (59.2%) 103 (51.5%) 1 (1.3%)

Exit

V 159 (99.4%) 65 (54.2%) 144 (72%) 80 (100%)

Y 1 (0.6%) 55 (45.8%) 56 (28%) 0 (0%)

F I G U R E  6  Example of the three rising types recorded in the 
experiment and indicated by the arrows. Single rising (A), bilateral 
rising (B) and absent rising (C).
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8  |    STEIGER and BORRINI

absent. The following characteristics can identify the three diagnos-
tic categories:

•	 A marked mounding is characterized by an evident presence of 
the rounded, "wave-like" bone spur on the edges of the cut mark 
(Figure 9A).

•	 A not marked mounding is characterized by a not-so-evident 
presence of the rounded, "wave-like" bone spur formation on the 
edges of the cut mark (Figure 9B).

•	 An absent mounding is characterized by the complete absence of 
the rounded, "wave-like" bone spur formation on the edges of the 
cut mark (Figure 9C).

Table 7 shows no particular pattern for any of the knives.

3.7  |  Logistic regression models

Following the results of the Chi-square tests of independence, all 
eleven variables were found to be significantly associated with the 
serration class, while only ten of the eleven variables were found to 
be significantly associated with the blade bevel class. The VIF sta-
tistical analysis showed a VIF higher than 5 for the variables cross-
profile exit and mounding.

These variables were removed as input variables for the serra-
tion and the blade bevel model as they showed a high correlation. 
Therefore, nine out of eleven variables were used as predictor vari-
ables. Liblinear was chosen as the solver for the serration logistic 
regression model, and the C and penalty parameters were tuned on 
100 and L2, respectively. The evaluation of the performance metrics 
showed that the training accuracy (86.62%), precision (85.70%), re-
call (82.69%), and F1 (84.18%) were slightly higher than the test sets 
(82.14%, 83.08%, 78.33%, and 78.65%).

Between the test sets and the validation dataset, a loss of 19.5% 
in accuracy and 23.08% in precision was observed. Validation recall 
(85.19%9) was higher than test recall, and the validation F1 score 
dropped from 78.65% to 70.77%.

For the second model, saga was chosen as the solver, 1 as the 
C and L2 as the penalty. The evaluation showed that the training 
metrics were slightly higher than the test metrics. Specifically, train-
ing accuracy (84.97%) and precision (89.66%) were slightly higher 
than the test ones (77.50% and 83.92%). Both recall and F1 metrics 
showed consistency across sets (89.35% vs. 85.50%) and (89.43% 
vs. 81.95%).

Test and validation metrics yielded closer results indicating that 
the model's performance generalizes reasonably well to unseen 
data; around 77% for both test and validation accuracies, and be-
tween 81% and 84% for precision, recall, and F1.

Classification reports for the specific classes are shown in 
Table 8.

3.8  |  Classification accuracies

Out of the seven knives, the first author achieved a 70% accuracy 
in classifying them. Only two knives were not correctly classified: 
knives 4 and 6. Knife 4 was incorrectly labeled as serrated and 6 
as non-serrated. For the blade bevel class, knife 2 was incorrectly 
classified as double-beveled, and 4 was incorrectly classified as 
single-beveled.

The classification accuracies for each of the seven knives were 
determined using two models: serration and blade bevel. Under the 
serration model, Knives 1, 2, and 4 each achieved an accuracy of 

Non-serrated Serrated Single-beveled
Double-
beveled

Entrance

Single 93 (58.1%) 57 (47.5%) 110 (55%) 40 (50%)

Bilateral 60 (37.5%) 10 (8.3%) 37 (18.5%) 33 (41.3%)

Absent 7 (4.4%) 53 (44.2%) 53 (26.5%) 7 (8.8%)

Exit

Single 81 (58.1%) 67 (47.5%) 108 (55%) 40 (50%)

Bilateral 59 (37.5%) 7 (8.3%) 34 (18.5%) 32 (41.3%)

Absent 20 (4.4%) 46 (44.2%) 58 (26.5%) 8 (8.8%)

TA B L E  4  Frequency counts of the 
rising's categories of the entrance and 
exit areas in the serration class and in the 
blade bevel class.

F I G U R E  7  Example of feathering (arrows).
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    |  9STEIGER and BORRINI

50%, Knife 3 achieved a perfect 100%, Knives 5 and 6 both had an 
accuracy of 88.88%, and Knife 7 had an accuracy of 77.77%. In con-
trast, using the blade bevel model, Knife 4 had the lowest accuracy 
at 40%, Knife 1 had an accuracy of 70%, Knife 2 at 60%, Knife 3 at 
90%, Knives 5 and 6 each reached a perfect 100%, and Knife 7 had 
an accuracy of 88.89%.

3.9  |  Inter- and intra-observer reliability

Inter-reliability results demonstrated a high level of agreement 
for shape (k = 0.803), cross-profile entrance and cross-profile exit 
(k = 0.859) alongside a moderate level of agreement for general mor-
phology (k = 0.421). However, some traits exhibited lower levels of 
agreement among the three observers. A fair amount of consensus was 
observed for rising entrance (k = 0.288), mounding entrance (k = 0.231) 
and mounding center (k = 0.211) while rising exit (k = 0.143) feathering 
(k = 0.193), shards (k = 0.156), and mounding exit (k = 0.173) displayed 
poor levels of agreement. The results for intra-observer reliability 
revealed good and very good levels of agreement for cross-profile 
exit (k = 0.894) and for shape (k = 0.799). Moderate levels of consen-
sus were observed for cross-profile entrance (k = 0.568), mounding 
center (k = 0.492), mounding exit (k = 0.447), and general morphology 
(k = 0.410). Rising exit (k = 0.286) displayed a fair level of agreement, 
while rising entrance (k = 0.190), feathering (k = 0.124) and mounding 
entrance (k = 0.038) exhibited a poor level of agreement. The variable 
shards showed disagreement among the same observer (k = −0.086).

4  |  DISCUSSION

The main goal of this study was to propose standardized terminol-
ogy and methodology for classifying knives based on the imprints 

left on the cut marks. The preliminary determination and descrip-
tion of the traits was achieved by combining the literature review 
conducted before starting the data collection and the data collec-
tion itself, confirming and unifying the terminology and descrip-
tion of each variable. For the shape variable, two new categories 
were defined, expanding the few ones found in the literature, while 
the Ellipse shape was already identified by Vachirawongsakorn 
et  al. [10, 16]. These categories were chosen as the most diag-
nostic and recognizable categories. A possible explanation for the 
Indeterminate category is that the authors did not use a clamp 
to keep the rib steady when producing the cut marks causing the 
knife to create different shapes and artifacts in the cut mark. The 
results for the shape of the cross-profile confirmed the hypothesis 
that the Y shape is not strictly associated with the serrated knife 
but more with the single-beveled ones. Indeed, the Y shape was 
more prominent on single-beveled knives than on double-beveled 
ones, while the V shape was almost equally distributed. It was also 
noticed that knife 1 had the vertical wall on the left side while 
knife 5 had it on the right. The same thing was noticed when look-
ing at the position of the belly of the D shape. The belly was on the 
right side for knife 1, while knife 5 exhibited a belly on the other. 
These traits therefore relate to the side where the bevel edge 
is, indicating a right or left single-beveled blade/knife. Similarly 
to the cross-profile shape, the location of the rising of the walls 
showed a pattern and most of the single-beveled knives were as-
sociated with unilateral rising.

The shards variable was exclusively visible in serrated knives and 
single-beveled knives, confirming what was observed by Sandras 
et al. [19] and Capuani et al. [21].

The feathering variable was included even though it was not 
frequently reported in the literature as it was observed during the 
analysis [9, 16].

The recording of the variable mounding in such a manner is the 
first of its kind, and therefore, further investigation should focus 
on how this trait is produced. No distinctive pattern was observed 
in the knife classes. However, these variables were necessary and 
used to predict the classes using the logistic regression model. 
At first, the mounding variable (location) and the variable rising 
seemed to be the same trait observed from two different angles, 
as the two “shoulders” protruding above the surface could result 
from the mounding on the surface of the kerf. However, the VIF 
results showed that they must be considered as two separate and 
distinct variables.

The second objective of this research was achieved. All vari-
ables were observed using the stereomicroscope, confirming what 
Crowder et  al. [18] found in their study. The classification could 
be performed by the observer without the use of the algorithms 
tested in this study. However, it was noticed that besides the shape, 

Non-serrated Serrated Single-beveled Double-beveled

Present 6 (3.8%) 40 (33.3%) 40 (20%) 6 (7.5%)

Absent 154 (96.3%) 80 (66.7%) 160 (80%) 74 (92.5%)

TA B L E  5  Frequency counts of the 
feathering's categories in the serration 
class and in the blade bevel class.

F I G U R E  8  Example of shards (arrows).
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10  |    STEIGER and BORRINI

cross-profile, and rising variables for single or double knives, and 
the feathering and shards variables for serrated, the other vari-
ables were not distributed in a manner that could be directly used 
for classification. The models included these variables, highlighting 
the importance of incorporating machine learning algorithms in cut 
marks analysis. The authors have developed a user-friendly tool that 
can be easily run locally in the terminal. Comprehensive installation 

guides for Python 3 on Windows, MacOS, and Linux, along with the 
launcher scripts, are available on the popular cloud-based service 
Github at the following link: https://​github.​com/​sciad​i98/​disse​rtati​
on-​steig​er-​2022.

TA B L E  7  Frequency counts of the mounding categories 
(location) of the entrance, center, and exit areas in the serration 
class and blade bevel class.

Non-
serrated Serrated

Single-
beveled

Double-
beveled

Entrance

Single 86 
(53.8%)

53 (44.2%) 98 (49%) 41 
(51.3%)

Bilateral 9 (5.6%) 0 (0%) 1 (0.5%) 8 (10%)

Absent 65 
(40.6%)

67 (55.8%) 101 
(50.5%)

31 
(38.8%)

Center

Single 67 
(41.9%)

46 (38.3%) 76 (38%) 37 
(46.3%)

Bilateral 14 
(8.8%)

1 (0.8%) 3 (1.5%) 12 (15%)

Absent 79 
(49.4%)

73 (60.8%) 121 
(60.5%)

31 
(38.8%)

Exit

Single 92 
(57.5%)

67 (55.8%) 115 
(57.5%)

44 (55%)

Bilateral 16 (10%) 2 (1.7%) 6 (3%) 12 (15%)

Absent 52 
(32.5%)

51 (42.5%) 79 
(39.5%)

24 (30%)

General morphology

Marked 86 
(53.8%)

55 (45.8%) 95 
(47.5%)

46 
(57.5%)

Not 
marked

50 
(31.3%)

25 (20.8%) 53 
(26.5%)

22 
(27.5%)

Absent 24 (15%) 40 (33.3%) 52 (26%) 12 (15%)

Note: Frequency of mounding categories (general morphology) in the 
serration and in the blade bevel class.

TA B L E  8  Classification report for the serration and blade bevel 
models.

Precision Recall F1 Accuracy

Serration

Serrated 61% 85% 71% 85%

Non-serrated 86% 62% 72% 63%

Blade bevel

Single 85% 83% 84% 89%

Double 62% 65% 63% 63%

F I G U R E  9  Example of the three mounding types (general 
morphology) indicated by arrows. Marked mounding and single (A), 
not marked mounding (B) and absent mounding (C).

Non-serrated Serrated Single-beveled Double-beveled

Present 0 (0%) 26 (21.7%) 26 (13%) 0 (0%)

Absent 160 (100%) 94 (78.3%) 174 (87%) 80 (100%)

TA B L E  6  Frequency counts of the 
shards' categories in the serration class 
and in the blade bevel class.

 15564029, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1556-4029.15588 by L

IV
E

R
PO

O
L

 JO
H

N
 M

O
O

R
E

S U
N

IV
, W

iley O
nline L

ibrary on [31/07/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://github.com/sciadi98/dissertation-steiger-2022
https://github.com/sciadi98/dissertation-steiger-2022
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The results of the blade bevel model highlight the model's ef-
fectiveness in classifying cut marks produced by single-beveled 
blades more accurately than by double blades. Single blade pre-
dictions were accurate, and the model successfully identified the 
majority of actual single-beveled blades. The serration model 
identified the cut marks produced by non-serrated knives more 
precisely than serrated ones, but it was less effective in captur-
ing all actual non-serrated cases. This trade-off between precision 
and recall for the two classes can be due to a class imbalance in 
the training data. Consequently, the model showed some overfit-
ting, struggling to generalize well to unseen data. Techniques such 
as regularization were employed to help reduce the overfitting, 
but the use of more training data could be considered for future 
improvements.

Nevertheless, the results of the present classification align 
with other validation studies. For serrated vs. non-serrated knives, 
the authors achieved similar accuracies to Crowder's (63%–85% 
vs. 93%–97%) and Ghui's (63%–85% vs. 61%–90%) [16, 18]. The 
models also outperformed Crowder's for bevel classification 
(63%–89% vs. 65%) specifically for single-bevel classification. 
Love's error rates using the classification trees algorithm ranged 
between 50% and 65% [17], while the highest error rate obtained 
in the present study was 37%. It is important to note that both 
Love's [17] and Crowder's [18] work primarily focused on the diag-
nostic potential of striations left on the cut mark. However, their 
diagnostic significance varies in different studies [11, 13–15, 17, 
35]. In the present work and Ghui's paper [16], striations were 
not taken into consideration for the classification, demonstrating 
that this trait is not paramount for classifying serrated and non-
serrated knives.

The misclassification of knives 2, 4, and 6 by the first author 
and the logistic regression models could be due to different rea-
sons. The input variables fed to the algorithms were derived from 
observations, so the absence or ambiguity of some traits can 
cause difficulties in the classification process. Furthermore, knife 
4 was not as sharp as the others, hence not producing the same 
quality cuts, which could be behind the misclassification. It is, 
therefore, paramount to consider the variability within the blades 
of the same classes when applying this methodology to real-world 
scenarios.

A significant contribution of the present study is the inter- 
and intra-observer reliability of each of the identified traits. The 
absence of this approach in previous publications did not allow 
a comparison; nevertheless, the results showed promising out-
comes, as several traits yielded scores between moderate and 
very good. The variables related to the mounding trait showed 
more consistent agreement within the same rater. This should be 
expected because although clear photographs and descriptions 
were provided, subjective interpretation can always affect the 
traits. The time lapse between the original observations and the 
validation tests could be a possible reason for poor kappa scores, 
specifically for the traits shards, feathering, and rising. During this 
period, which lasted several months, some traits may have been 

modified due to the constant handling of the samples and the stor-
age conditions.

In this respect, recent studies showed that the rising, shape and 
cross-profile variables are more resistant and less prone to be im-
pacted by surface and heat exposure [36, 37]. On the other hand, 
these traits are more impacted by corrosive chemicals [38].

It is also important to remark that Fleiss' kappa considers the 
possibility of guessing, and they cannot be directly interpreted. 
Consequently, they may underestimate the true agreement between 
the observers, leading to the observed lower scores of inter- and 
intra-rater reliability [39].

This research was carried out under controlled conditions, main-
taining consistent factors like the direction and position of the per-
son making the cuts. In real-world situations, numerous variables can 
come into play, affecting the direction, size, or length of cut marks [7, 
22, 40, 41]. Moreover, the presence of soft tissues and clothing can 
dampen the impact force and alter the characteristics of the marks 
[42, 43].

Finally, even though pig bones serve as a reasonable substitute 
for human bones, their distinct composition may still influence how 
bones respond to trauma, potentially changing the characteristics of 
the cut marks.

5  |  CONCLUSION

This study develops and proposes standardization in the terminol-
ogy for the variables used in cut marks analysis as the basis for cut 
mark description and classification standards.

The use of the binary logistic regression for cut mark analysis was 
found to be reliable for this research, therefore showing the poten-
tial of assisting the analysts when facing challenges in the decision-
making process. These models aimed to reduce the dependence on 
experienced observers and streamline the use of multiple variables 
for classification. Future research should explore using computer 
vision to extract traits from images, lowering human errors caused 
by subjectivity or bone surface modifications. Furthermore, the au-
thors suggest extending the typologies of knives (e.g. partially ser-
rated knives, hunting knives, sharp tools), testing different target 
materials and other types of cut movements (e.g. slicing, stabbing, 
chopping).

In conclusion, the results indicate the variables' reliability, sug-
gesting the possibility of considering the proposed terminology as 
a ground for developing future standards. Similarly, the authors 
recommend incorporating machine learning models for more accu-
rate, direct, and rapid classification of knives in sharp force trauma 
analysis.
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