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Abstract

Objectives: The present study was conducted to evaluate the reproducibility of
Lekholm and Zarb classification system (L&Z) for bone quality assessment of eden-
tulous alveolar ridges and to investigate the potential of a data-driven approach for
bone quality classification.

Materials and Methods: Twenty-six expert clinicians were asked to classify 110 CBCT
cross-sections according to L&Z classification (TO). The same evaluation was repeated
after one month with the images put in a different order (T1). Intra- and inter-examiner
agreement analyses were performed using Cohen's kappa coefficient (CK) and Fleiss'
kappa coefficient (FK), respectively. Additionally, radiomic features extraction was
performed from 3D edentulous ridge blocks derived from the same 110 CBCTs, and
unsupervised clustering using 3 different clustering methods was used to identify pat-
terns in the obtained data.

Results: Intra-examiner agreement between TO and T1 was weak (CK 0.515). Inter-
examiner agreement at both time points was minimal (FK at TO: 0.273; FK at T1:
0.243). The three different unsupervised clustering methods based on radiomic fea-
tures aggregated the 110 CBCTs in three groups in the same way.

Conclusions: The results showed low agreement among clinicians when using L&Z
classification, indicating that the system may not be as reliable as previously thought.
The present study suggests the possible application of a reproducible data-driven
approach based on radiomics for the classification of edentulous alveolar ridges, with
potential implications for improving clinical outcomes. Further research is needed to
determine the clinical significance of these findings and to develop more standardized

and accurate methods for assessing bone quality of edentulous alveolar ridges.
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1 | INTRODUCTION

In the past decades, oral implantology greatly improved treatment
options for partially and totally edentulous patients (Albrektsson
et al., 1986; Elani et al., 2018). Accuracy of preoperative diagnosis
and treatment planning is crucial to improve both surgical and pros-
thetic procedures and enhance long-term clinical outcomes (Al-Ekrish
etal., 2018; Chrcanovic et al., 2017). In particular, quantitative and qual-
itative assessments of alveolar bone are fundamental steps to optimize
implant placement (Monje et al., 2015). Quantitative evaluation of the
bone crest is necessary to determine the feasibility of implant surgery,
selecting implants of appropriate dimensions, and planning any neces-
sary bone augmentation procedure (Cicciu et al., 2023). It is typically
performed by combining clinical examination and three-dimensional
radiographic imaging (with or without computer-assisted tools) to
obtain comprehensive information about bone crest dimensions and
morphology. With the use of CT (computed tomography) scan is also
possible to assess bone density and provide quantitative measure-
ments expressed in Hounsfield units (HU) (Brooks, 1977; Norton &
Gamble, 2001). However, it is important to note that bone density mea-
surements obtained through CT scans may not directly correlate with
measurements obtained through other methods like dual-energy X-ray
absorptiometry (DXA), which is the gold standard for assessing bone
density in other areas of the body (Adams, 2009; Ahmad et al., 2023;
Kanis et al., 2000). In addition, CBCT (cone beam computed tomogra-
phy) imaging has become increasingly popular in implantology field due
to several advantages over conventional CT scans, including lower radi-
ation dose, dedicated imaging for the oral and maxillofacial region, cost-
effectiveness, efficient workflow, and reduced artefacts. CBCT scans
do not provide HU like conventional CT scans, but grayscale or grey
values that represent the radiodensity of the imaged tissues. However,
previous studies highlighted a weak correlation between gray values
and HU, together with the low predictive reliability of the grayscale,
resulting in its questionable applicability for bone density assessment
(Eguren et al., 2022; Gaur et al., 2022).

Consequently, in the absence of objective methods, qualitative
assessment of the edentulous bone ridge involves, to some extent,
a subjective interpretation. It relies on clinician's expertise, experi-
ence, and visual judgment to evaluate the characteristics and features
of the alveolar ridge. Various classification systems have been pro-
posed during the years for the qualitative categorization of residual
bone crests, based on subjective evaluation of three-dimensional
radiographic images (Al-Ekrish et al., 2018; Lekholm & Zarb, 1985;
Misch, 1990; Trisi & Rao, 1999; Vercellotti & Vercellotti, 2009; Wang
et al., 2023). However, the reproducibility and reliability of these
classification systems have been a subject of debate among clinicians
(Lindh et al., 2014; Ribeiro-Rotta et al., 2011; Shahlaie et al., 2003).

Radiomics, an advancing area in medical research, involves extract-
ing quantitative metrics, known as radiomic features, from medical
images like CT, CBCT, magnetic resonance imaging (MRI), or positron
emission tomography (PET). These features encapsulate characteris-
tics such as tissue shape, density, texture, and heterogeneity, providing
valuable data that, when combined with other clinical information, may

aid in solving complex clinical problems (Mayerhoefer et al., 2020). By
analyzing features from medical images, radiomics may create ac-
curate prediction models to support clinical decision-making (Felfli
et al., 2023; O'Donnell et al., 2022). The potential applications of ra-
diomics are broad and span various medical fields, including oncology,
neurology, and cardiology (Cassinelli Petersen et al., 2022; Huellebrand
et al., 2023; Lambin et al., 2017; Santos et al., 2023).

In head and neck area, radiomics has been mainly applied on CT
and CBCT imaging for the automated diagnosis, segmentation, and
classification of various conditions, including jaw cysts and tumors,
cervical lymph node metastasis, salivary gland diseases, temporo-
mandibular joint disorders, maxillary sinus issues, mandibular frac-
tures, and facial deformities (Hung et al., 2022). Nevertheless, there
has been a very limited utilization of radiomics potential in the field
of oral implantology (Li et al., 2023; Troiano et al., 2023).

Radiomic data can be analyzed using machine learning tech-
niques, which are currently widely used in interpreting complex,
high-dimensional data, especially in health sciences research (Bo
et al., 2023; Eckhardt et al., 2023). In machine learning, methods
are broadly categorized into supervised and unsupervised learning.
Supervised learning predicts outcomes based on labeled data, fo-
cusing on selecting key features from known outcomes. Conversely,
unsupervised learning processes unlabeled data to unearth hidden
patterns and similarities. Unsupervised learning includes clustering
algorithms aiming to organize data into clusters, making it easier to
understand and analyze complex datasets by revealing underlying
relationships or categories within the dataset (Gao et al., 2023). K-
means clustering, for instance, minimizes within-cluster variation and
is used to identify distinct patient subgroups. Hierarchical cluster-
ing, on the other hand, does not require presetting the number of
clusters but builds them based on dissimilarity measures, providing a
flexible approach to data segmentation. Additionally, fuzzy-c-means
clustering is a method where each data point belongs to a cluster to a
degree specified by a membership level, allowing for a more nuanced
grouping of data, particularly beneficial in situations where clear-cut
boundaries between clusters are absent (Mingoti & Lima, 2006).

The present study has two main objectives: (i) to evaluate reli-
ability and reproducibility of bone quality assessment performed by
different clinicians using the currently most widespread classifica-
tion system (Lekholm & Zarb, 1985) and (ii) to explore if radiomics
application to CBCT images may lead to a data-driven approach for a
qualitative assessment of edentulous alveolar ridges.

2 | MATERIALS AND METHODS
2.1 | Ethics

All the procedures of the present study were conducted following
the recommendations of the Declaration of Helsinki as revised in
Fortaleza (2013) for investigations with human subjects. The study
protocol was approved by the Ethical Committee of the University
of Trieste (No. 131/2023).
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2.2 | Patients and CBCT scans selection

Two authors of the present study (A.R. and C.S.) examined a pool of
anonymized CBCT images from partially edentulous patients >18years
old who authorized the use of their data for research purposes. Only
patients who had not received any treatment for bone augmentation
were included and investigators selected the first consecutive 110 ra-
diographs presenting an acceptable standard for bone quality assess-
ment. One site per patient was included, balancing between maxilla
and mandible, resulting in 54 mandibular and 56 maxillary sites for
analysis. All CBCT scans were acquired with the same device (NewTom
VGi EVO, Cefla, Imola, Italy) and the same field of view (12x8). 3D
Slicer software (https://www.slicer.org) was used to cut CBCT images
at the level of the edentulous sites. The “volume rendering” command
was selected, and the “crop” function was enabled to select the eden-
tulous site. A total of 110 middle cross-sectional images of edentulous
areas were uploaded to a Powerpoint file.

2.3 | Image analysis and classification

The assessment procedure generally followed the protocol outlined in
a prior study evaluating intra- and inter-examiner agreement when as-
sessing radiographic peri-implant bone level (Walton & Layton, 2020).
Thirty expert clinicians and researchers active in the implantology field
were contacted by phone or e-mail and informed about the objectives
of the present investigation and the research protocol: 26 of them (13
academics; 13 private practitioners) agreed to participate in this pro-
ject. A web-based calibration session was held prior to the beginning
of the study. In this session, reference materials (radiographic images
illustrating the 4 bone types according to L&Z classification) were pro-
vided to the participants, and a set of 8 CBCT cross-sections, chosen
as examples, were collectively reviewed and discussed.

Examiners were then asked to assess bone quality of 110 CBCT
cross-sectional images according to Lekholm and Zarb (L&Z) classifica-
tion (TO) (Lekholm & Zarb, 1985). The same images, put in a different
order to minimize recall bias, were re-evaluated by the same clinicians
after 4weeks (T1). Participants were asked to perform the two evalu-
ation sessions on the same computer under the same light conditions
and to choose only one of the four bone types for each image.

Intra- and inter-examiner agreement analyses were performed
by one of the authors (A.R.) using Cohen's kappa coefficient (CK) and
Fleiss' kappa coefficient (FK), respectively (McHugh, 2012).

2.4 | Radiomic features extraction

3D-block images were uploaded onto the LIFEx software (Nioche
et al., 2018) for subsequent radiomic analysis. Volume of interest (VOI)
was designed and manipulated using LIFEx, with a height of 10mm
(starting from the bone crest of the edentulous site), a thickness on the
sagittal plane of 4mm, and an extension on the axial plane including
all the tissue between the two cortical laminae, simulating the site for

the placement of a standard dental implant. Radiomic features were
extracted using the “Texture-Features Extraction” command with de-
fault values for “Spatial Re-sampling” of 1mm on the X, Y, and Z axes.
Additionally, “relative resampling” was used for “intensity rescaling.”
VOlI values were automatically re-scaled to between the minimum and
maximum value of the ROI content. Extracted features were saved au-
tomatically by the software in CSV format in the “VOI-Value” folder.

2.5 | Unsupervised learning algorithms

The extracted radiomic features dataset was analyzed by applying
three different clustering algorithms: K-means, hierarchical, and fuzzy
C-mean. Random initialization was applied for the initial placement of
centroids in K-means clustering. In addition, the maximum number of
iterations within each algorithm run was set to 30,000, and the con-
vergence criterion was based on minimizing the within-cluster sum
of squares. An average linkage method was applied to hierarchical
clustering and Euclidean distance was used as a measure of similarity
between different datapoints. For fuzzy C-means clustering the fuzzi-
ness parameters was set equal to 2 with a maximum number of itera-
tions 1000. We used the Silhouette method, Calinski-Harabasz index,
and Davies-Bouldin index to evaluate the clustering separation, while
the thresher and elbow methods were used to determine the optimal
number of clusters. All the clustering analyses were performed using
the Euclidean distance. The analysis was performed using Jupyter
Notebook, which allowed for efficient and reproducible data analy-
sis. By utilizing multiple clustering methods and indices, we aimed to
increase the reliability and robustness of the clustering results, thus
providing a more comprehensive understanding of the data.

3 | RESULTS
3.1 | Examiner agreement for L&Z classification

Intra- and inter-examiner agreement in assessing bone quality ac-
cording to L&Z classification was evaluated. Intra-examiner analysis
showed weak agreement between TO and T1 (CK: median 0.515; IQR
0.253). Individual values were reported in Figure 1. Mann-Whitney
U test showed no significant differences between private practition-
ers (CK: median 0.447, IQR 0.274) and academics (CK: median 0.556;
IQR 0.188) (p=.92). Inter-examiner analysis highlighted minimal
agreement among examiners at both time points (FK at TO: 0.273;
FK at T1: 0.243). No significant differences were present both at TO
and at T1 between private practitioners (FK at TO: 0.274; FK at T1:
0.217) and academics (FK at TO: 0.281; FK at T1: 0.256) (Figure 2).

3.2 | Clustering analysis of radiomic features

Clustering analysis was performed on the radiomic features to iden-
tify distinct clusters within the dataset. Using the elbow and thresher
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FIGURE 1 Individual intra-examiner consistency assessing bone quality using the Lekholm and Zarb classification, quantified by Cohen's

kappa. A higher kappa value indicates greater agreement with repeated assessments, underscoring the evaluator's reliability in consistently

interpreting bone quality criteria.

methods (Wang et al., 2018), an optimal number of 3 cluster was cho-
sen for subsequent separation (Figure 3). Subsequently, three cluster-
ing methods were applied: K-means (Figure 4), hierarchical (Figure 5),
and fuzzy C-means clustering (Petegrosso et al.,, 2020; Pfeifer &
Schimek, 2021; Wu et al., 2015). Interestingly, the three methods
aggregated the three groups in the same way. Cluster 1 was mainly
represented in the upper jaw, while Cluster 2 and Cluster 3 had a ho-
mogeneous distribution in mandible and maxilla (Table 1). The evalua-
tion indices for the clustering methods were consistent, with all three
methods producing an average Silhouette score of 0.88, a Calinski-
Harabasz Index of 460.66, and a Davies-Bouldin Index of 0.30 (Lovmar
et al., 2005; Surangsrirat et al., 2022; Zhang et al., 2022).

4 | DISCUSSION

This study provides important insights into the reliability and re-
producibility of Lekholm and Zarb classification system, which

is currently the most widespread tool to assess bone quality of
edentulous alveolar ridges. The low intra- and inter-examiner
agreement observed in our study suggests that L&Z classifica-
tion may not provide a reliable basis for research purposes, for
communicating with colleagues or for treatment planning (Viera
& Garrett, 2005). The present results are in agreement with pre-
vious studies which, even if conducted with only two examin-
ers, showed significant disagreement in the assessment of bone
quality using L&Z classification (Shahlaie et al., 2003; Shapurian
et al., 2006). Data of the present study also align with those from
prior systematic reviews, which similarly concluded that there is
limited evidence supporting the effectiveness of clinical meth-
ods for evaluating jawbone tissue before implant placement
(Chrcanovic et al., 2017; Ribeiro-Rotta et al., 2007; Ribeiro-Rotta
et al., 2011). The observed variability in agreement underscores
the subjective nature of current assessment methodologies and
the inherent challenge in achieving uniformity across different
examiners, even within a controlled study environment. This
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FIGURE 2 Inter-examiner agreement in assessing bone quality at two time points (baseline and 4 weeks later), using Fleiss' kappa.
The varying levels of agreement underscore the challenges in achieving a uniform assessment of bone quality across different clinical
backgrounds, emphasizing the need for objective diagnostic tools. A, academics; PP, private practitioners; TO, baseline; T1, 4 weeks after TO.
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FIGURE 3 Visualization of the Elbow Method analysis to identify the most suitable number of clusters for our dataset. The X-axis shows
the number of clusters tested and the Y-axis the within-cluster sum of squares (WCSS), illustrating the efficiency of grouping similar data.
The ‘elbow’ point indicates the optimal number of clusters (in this case n=3), balancing specificity and generalizability of our radiomic

feature analysis for clinical application.

variability is not only a reflection of individual interpretation dif-
ferences but also highlights the critical need for standardized cri-
teria and training in the evaluation process. This is a significant
finding, given the increasing use of implantology for the treatment
of edentulous patients, where accurate assessment of alveolar
bone quality is essential for implant site preparation and sub-
sequent implant placement (French et al., 2019; Heitz-Mayfield
et al., 2018; Stacchi et al., 2023). The quality of the surrounding

bone has a significant influence on implant primary stability
and affects the drilling protocol during implant site preparation
(Perez-Pevida et al., 2020). Dense bone requires a slower drilling
speed under copious irrigation to prevent overheating, together
with the creation of an implant site diameter close to the actual
implant diameter to allow firm stabilization of the fixture but with-
out reaching excessive torque during insertion (Toia et al., 2017).
Excessive insertional torque can potentially lead to surrounding
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FIGURE 4 Graphic visualization of the results of K-means clustering on the radiomic features dataset using a linear projection. The entire
dataset (n=110 items) was clustered into three distinct groups based on the most informative radiomic features, and each point is colored

according to its cluster label (C1: cluster 1; C2: cluster 2; C3: cluster 3).

bone damage and micro-fractures, eliciting bone resorption, and
to irreversible mechanical deformation of the implant connec-
tion (Cha et al., 2015; Coyac et al., 2019; Teixeira et al., 2015).
Conversely, in low-quality bone, an undersized implant site prep-
aration is mandatory to enhance initial implant stability by cre-
ating a press-fit between the implant and the surrounding bone
(Tabassum et al., 2010). Furthermore, an accurate preoperative
assessment of bone quality should guide the clinician in choosing
an implant with a suitable macro-geometry (i.e., parallel-walled vs.
tapered and shallow vs. deep threads) for the specific situation
(Abuhussein et al., 2010; Aleo et al., 2012).

The findings of the present study underline the importance of
integrating advanced analytics into clinical practice, facilitating more
consistent and reproducible evaluations across practitioners. We
believe that addressing this variability is crucial for advancing the
reliability of diagnostic processes in oral surgery and implantology.
Radiomics, in particular, could represent a possible promising alter-
native for bone quality evaluation. The analysis of 110 CBCT cross-
sections from edentulous alveolar ridges was performed with the
application of unsupervised machine learning techniques, focusing
on their radiomic features. Unsupervised clustering methods are ef-
fective at uncovering latent patterns and structures in data that may
not be immediately evident. Techniques like clustering and dimen-
sionality reduction are central to unsupervised learning, simplifying

intricate datasets and aiding in the discovery of novel risk factors,
advancing prevention strategies, and contributing to personalized
healthcare (Lopez et al., 2018).

The 110 examined CBCT cross-sections were aggregated in the
same way into three distinct clusters by using three different cluster-
ing methods (K-means, hierarchical and fuzzy C-means). Consistent
outcomes among diverse unsupervised learning methods contribute
to robustness, minimizing bias and improving validation and general-
izability. This enhances the reliability and interpretability of the iden-
tified clusters, considering the heterogeneity in the approaches used.

Radiomics analysis may offer a more objective and reproducible
method for the classification of edentulous alveolar ridges, poten-
tially improving the accuracy of treatment planning for edentulous
patients. However, further translational research is absolutely
needed prior to apply this classification system to the clinical prac-
tice. Bone quality evaluation based on radiomic features should be
possibly associated with various characteristics and properties of
clinical interest of the alveolar bone (e.g. bone density, osseointe-
gration potential, susceptibility to bone resorption) to allow a mean-
ingful application of this approach to the daily practice.

The results of the present study may have several potential
future applications. First, radiomic analysis could enable the
development of automated tools based on radiomic features to
classify edentulous alveolar ridges in an objective way. This could
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TABLE 1 Distribution of clustered edentulous sites in upper and
lower arch.

Arch Cluster 1 Cluster 2 Cluster 3 Total
Mandible 1 22 31 54
12.5% 57.9% 48.4% 49.1%
Maxilla 7 16 33 56
87.5% 42.1% 51.6% 50.9%
Total 8 38 64 110
100% 100% 100% 100%

lead to more efficient and personalized treatment planning for
implant-supported rehabilitation of edentulous patients. Second,
radiomic analysis may also provide a more comprehensive and
detailed assessment of the alveolar ridge compared to traditional
clinical assessment methods, enabling clinicians to detect subtle
variations and anomalies that could influence implant placement
and stability.

In conclusion, the extremely low agreement observed among
clinicians when using Lekholm and Zarb classification system high-
lights the need for more objective and reproducible approaches to
evaluate bone quality of edentulous alveolar ridges. The potential
applications of radiomic analysis in the development of automated
classification tools and the comprehensive assessment of alveolar
ridges suggest that this approach has the potential to significantly
improve accuracy and personalization of treatment planning for
edentulous patients. However, further studies are needed to vali-
date the present findings and to develop standardized and accurate
methods to assess bone quality of edentulous alveolar ridges, giving
information of clinical relevance.
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