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Are Artificial Neural Networks Useful for Predicting 
Overhanging Dental Restorations? A Cross-sectional Study
Hani T Fadel1, Osama Abu-Hammad2, Omar A Ghulam3, Najla Dar-Odeh4

Ab s t r Ac t 
Aims: To predict the number of overhanging dental restorations (ODRs) using an artificial neural network (ANN) and determine the most 
important predictive variables.
Materials and methods: Patient- and restoration-related data were used as input variables to construct two networks, with (network 1) and 
without (network 2) the number of secondary caries lesions (SCLs) as input data. Output data were the number of ODRs. Of the 502 participants, 
data of the first 100 were used to build/train the model. Those of the remaining 402 were used to test the model for prediction accuracy.
Results: Model accuracy notably increased after training. Prediction of ODRs was more accurate in network 1. Allowing for an error of ±1, 
network 1 predicted the number of ODRs with an accuracy of 85.6%, whereas that of network 2 was only 82.1% accurate. The number of old 
fillings was the most important input variable, while gender was the least important.
Conclusion: Within the study limits, the ANN model predicted ODRs with more than 85% accuracy. The number of old fillings was the most 
important predictive variable.
Clinical significance: Making use of ANN analyses can help periodontists and general dentists predict the occurrence of ODRs, formulate 
effective treatment planning, and reduce patient discomfort and unnecessary costs.
Keywords: Algorithms, Dental restoration failure, Neural networks, Overhanging dental restoration, Prediction.
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In t r o d u c t I o n 
Dental restorations or tooth fillings are customized three-
dimensional additions to teeth, which can be made out of different 
materials and serve different clinical situations.1 They form a mere 
replacement of the missing tooth structure rather than treatment 
for the multifactorial disease process of dental caries.2 The quality 
of the dental restoration may be impacted by factors related to the 
patient, the dentist, and/or the restoration itself.3

Once in place, dental restorations may suffer from a number of 
mechanical or biological complications.4 These have adverse effects 
on the surrounding structures and can jeopardize the success of the 
restoration, leading to increased patient discomfort and wasting 
of resources.5 Overhanging dental restorations (ODRs) are noted 
as extensions of the restorative material beyond the confines of 
the cavity preparation.6 Overhanging dental restorations may 
be associated with bleeding, gingivitis, and periodontal tissue 
destruction.6 Possible reasons behind ODRs include inadequate 
use of matrix band system, suboptimal isolation, and/or improper 
handling of used restorative material.

Several mathematical models have been proposed to predict 
disease processes and complications in an attempt to actively 
prevent them and minimize treatment expenses. Artificial neural 
networks (ANN) are data-driven tools, used to analyze complex 
relationships. Unlike other models, data in ANN-based models 
are not fit to certain predefined conditions (e.g., linearity, normal 
distribution). Instead, experimental models are developed following 
training of available data.7 Usually, when the expert’s knowledge in 
a certain area is not substantial, ANN modeling may be of particular 
use. It works by adjusting of weights between the neurons for any 
input–output function approximation.8 In dentistry, ANN has been 
applied in predicting the occurrence of dental pain,9 recurrent 
aphthous ulcerations,10 tooth surface loss,11 and several others.

To date, no studies have managed to predict the occurrence 
of ODRs mathematically to avoid associated periodontal tissue 
destruction, patient overtreatment, and unnecessary treatment 
costs. The study objectives were thus to predict the occurrence 
of ODRs using an ANN mathematical model in individuals with 
approximal dental restorations and to determine the most 
important predictive variables according to the model.
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MAt e r I A l s A n d Me t h o d s 
Study Design and Sample
This study was a cross-sectional, analytic investigation. It was 
conducted at Prince Mohammed Bin Abdulaziz Hospital, one of 
the tertiary care centers of the Ministry of the National Guard in 
AlMadinah AlMunawwarah, Kindom of Saudi Arabia. It regularly 
receives dental referrals from multiple primary care satellite 
clinics in the region. The study population comprised patients 
who visited the dental department for any form of dental care. 
All visiting patients routinely undergo a standard radiographic 
examination. Periapical and bitewing images were taken using a 
ROMIX 3.6.0.R radiographic unit (Planmeca Oy, Helsinki, Finland) 
and a digital prosensor (Planmeca ProSensor HD digital sensor 
system) via paralleling technique with short cones (16″). Exposure 
time was set at 0.50 seconds for posterior and anterior teeth, and 
the image density was fixed at 6 mA and 63 kV. Films were placed 
with standardized devices (Planmeca Trollbyte Plus). Inclusion 
criteria were patients who had approximal dental restorations in 
one or more posterior teeth as shown on the radiographs. Out of 
1,388 visiting patients, only 502 (36%) fitted the criteria at the time 
of the study.

Study Data
Demographic data and health status were collected from the 
patients’ electronic medical record. Caries experience for each 
patient according to age was designated as low, normal, or high.12 
Moreover, the type of approximal dental restoration and the date of 
the procedure were recorded. Two key parameters were observed 
from the radiographic images of all 20 premolars and molars:

• Overhanging dental restorations: “An extension of restorative 
material of any type beyond the confines of a cavity preparation.”6

• Secondary caries lesions (SCLs): “A radiolucent area underlying 
a restoration and resembles the radiographic appearance of 
dental caries.”13

The same examiner assessed all images to reduce inter-
examiner variability.

Data Analysis
Means and standard deviations were used to describe quantitative 
data, while frequency distributions and percentages were used for 
qualitative data. The IBM® SPSS® statistical analysis software version 
20.0 (IBM, Armonk, New York, USA) was used.

ANN Modeling
The ANN modeling software (Pythia©; Runtime Software, USA) 
was run on a standard personal computer (Windows 10© 2017; 
Microsoft Corporation). This software employs backpropagation 
networks that calculate the differences between the net predicted 
and actual output values and propagates the difference (error) back 
to the output. In a neural network, two phases are distinguished: 
a training phase and a reproduction phase. During the training 
phase, training data containing both inputs and actual outputs 
are processed to optimize the network’s output by minimizing the 
deviation according to the following equation:14

Output OutputData Net
2−( ) (1)

where OutputData is the output value in the training data and 
OutputNet is the output value provided by reproducing the input 
data by the network.

This optimization is carried out by changing the synaptic weights. 
The network optimizes the output by continuously changing 
synaptic weights until it meets—ideally—the actual output. Synaptic 
weights are initially given a preliminary value of 0.5. Each neuron’s 
output is calculated according to the following equation:

O F I Wn k kn
k

= 







∑ * (2)

where O is the neuron’s output, n is the number of the neuron, Ik is 
the neurons inputs, k is the number of inputs, Wkn is the neurons’ 
synaptic weights, F is the Fermi function 1/(1 + Exp(−4*(x − 0.5))).

During the reproduction or testing phase of the analysis, 
unknown input data are fed to the network, and the network 
produces the output.

The ANN modeling software normalizes input (independent 
variables) and output data once the data have been introduced to 
the program by noting the minimum and maximum values for each 
variable. It also allows for setting the limits of normalization for each 
variable by the operator. Normalization is a process of expressing 
the values of each variable as a range from 0 to 1. Independent 
variables included age, gender, medical status, caries experience, 
number of double-sided proximal fillings, number of old dental 
fillings, number of new dental fillings, number of temporary fillings 
(TFs), number of glass ionomer cement (GIC) fillings, number of 
amalgam fillings, number of composite fillings, number of crown 
retainers/abutments, number of bridge pontics, and number of 
SCLs. The limits for each of the tooth-related variables were set 
according to the minimum and maximum possible values per tooth 
and/or tooth surfaces of the 20 evaluated posterior teeth and as 
shown on the two-dimensional bitewing radiographs.

Model Buildup
Data from the first 100 participants were used to build up and train 
the ANN, while the remainder of the data, i.e., n = 402, were kept for 
testing the network. The ANN software (Pythia; Runtime Software) 
used input and output data for the first 100 participants to suggest 
a number of ANNs through a genetic algorithm module (Fig. 1) 
and assigned each network with an accuracy card ranging from 0 
to 100%. An appropriate network (network 1) was chosen with the 
following criteria: accuracy card of 100%, two-layer architecture, a 
number of neurons in the first layer matching the number of input 
data for the network, and a single neuron in the second layer. After 
the network was constructed, output data for the test sample 
were reproduced (ODRs—net output). This output was saved for 
later analysis. The network was further trained for 50,000 cycles to 
yield higher accuracy. After training, the output was reproduced 
again (ODRs—net after training). Values were again saved for later 
analysis, and the optimized trained network was thus ready for 
testing and production of ODR predictions.

Another network (network 2) was constructed in the same way 
but after omitting SCLs as an input variable. The network was also 
a two-layer network but with 13 neurons in the first layer to match 
the number of input data and 1 in the second. The network was 
optimized in the same way as network 1.

Model Testing and Prediction of ODRs
Data from the remaining participants (n = 402) were used to test the 
network by feeding in their input data, i.e., independent variables 
to the network. The optimized, trained network then reproduced a 
net output for this set of undisclosed (testing) data. This was saved 
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as predictions of ODRs of network 1. Network 2 was also used to 
obtain predictions of ODRs that were saved for later analysis.

Determining Factor Importance
Data from the total sample (n = 502) were fed into the IBM SPSS 
statistical analysis software version 20.0 (IBM) to construct a 
multilayer perceptron network, similar to network 1 in topology. 
This was performed since the ANN modeling software could not 
provide information on the importance of the different variables 
contributing to the predictions. Secondary caries lesions were 
included as input data. All default settings within the software 
were accepted as such, and the analysis was conducted accordingly.

Ethical Considerations
Identities and personal information were kept confidential. 
Obtained information was only to be used for educational and 
research purposes. Patients were contacted about any needs for 
further treatment based on the radiographic study findings. Study 
approval was obtained from the Prince Mohammed Bin Abdulaziz 
Hospital Administration Committee (MAD-16-057550-123878, 
Reg. date August 3, 2016). A request for waiver of consent was also 
approved by the administration committee given the nature of 
the study.

re s u lts 
The mean age of the 502 included participants was 38 ± 13 years 
(range: 15–87 years), 252 (50%) of which were females. Sixty-nine 
(14%) participants reported suffering from at least one medical 
condition. A high caries experience was observed in 28% of the 
sample, while normal caries experience was reported in 61%.

Tables 1 and 2 show topology and synaptic weights of the two 
constructed networks after training [see eqn (2)].

The accuracy of predicting ODRs was demonstrated in both 
networks (Table 3). Network 1 showed a prediction accuracy of 86% 
when allowing for a ±1 margin of error. However, this prediction 
accuracy was reduced to 82% in network 2 when SCLs were 
removed from the set of input data.

Figure 2 shows the average deviations of the two networks 
when predicting ODRs after every 10,000 training cycles up to 
50,000 cycles. The figure demonstrates that the more the training, 
the less the deviations.

The relative importance of input data, i.e., independent 
variables, in network 1 was also evaluated and illustrated (Fig. 3). The 
number of old fillings in the mouth showed the highest importance 
(100%), while gender had the least (11%).

dI s c u s s I o n 
The aim of the current study was to predict the occurrence of ODRs 
in hospital attendees with approximal dental restorations. With 
selected patient- and restoration-related variables, the ANN model 
managed to predict the occurrence of ODRs with an accuracy of 
over 85%. This was in line with the high accuracy of ANN models 
reported in the available dental literature.15 In a model developed 
for the prediction of toothache, Kim et al. reported a predication 
accuracy of 80%.9 Similarly, Dar-Odeh et al. achieved an accuracy of 
91% for predicting recurrent aphthous ulcerations.10 Such findings 
confirm the usefulness of ANN usage in dentistry and motivate 
further research and application.

The developed ANN utilized a number of input data to 
predict ODR occurrence, the highest importance of which 
being the number of old fillings in an individual. This may be 
understandable since amalgam, for example, is known to creep 
with time,16 while composite undergoes shrinkage,17 both of which 
leading to considerable changes in the restoration architecture 
and consequent accumulation of plaque and food debris.3 In 
such instances, and when adding suboptimal restorative clinical 
measures such as infrequent use of dental wedges, a restoration 
overhang might be inevitable.

The occurrence of ODRs has also been claimed to be related 
to diet.18,19 Moradi-Lakeh et al. reported the consumption of 
considerable amounts of energy drinks following a large national 
survey in Saudi Arabia.20 This might suggest an association with 
the occurrence of ODRs, as fizzy drinks cause tooth erosion, which 
may in turn contribute to an overhanging filling. However, dietary 

Fig. 1: Screenshot image of the graphical user interface of the Pythia software showing the genetic algorithms module in the foreground, input 
data in the background, and an artificial neural network on the right. The data column O1 on the far right is the net prediction for the number of 
overhanging dental restorations
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information was not collected in the current investigation; thus, 
such speculations would need future confirmation.

When adding SCLs as an input variable, the ANN model 
demonstrated a higher prediction accuracy for ODRs. This may 
be explained by the fact that SCLs lead to undermining of the 
tooth filling, where a combination of a caries lesion and an 
open margin is actually present.21 This would ultimately form 
a plaque retentive area, even though was not initially a true 
ODR. Accordingly, early management of secondary caries and 

underlying causes is considered a priority and should not be 
overlooked.

In a previous study by Ghulam and Fadel,22 individuals suffering 
from one or more medical conditions were observed to have more 
ODRs, whereas in the current investigation, medical status was 
of low input importance. This is explained by the fact that the 
previously used cluster analysis aimed to explain the observed 
distribution of current ODRs to direct interventional efforts and 
only utilized the few available data accordingly. In the present 

Table 3: Accuracy of prediction of overhanging dental restorations (ODRs) in the two networks and when accepting a ±1 error in the numbers of ODRs

Network 1 Network 2 (SCLs not included as input)
Accuracy predicting first  
100 cases

Accuracy 
predicting 
undisclosed 
402 cases

Allowing 
±1 error in 
prediction 
(402 cases)

Accuracy predicting first  
100 cases

Accuracy predict-
ing undisclosed 
402 cases

Allowing 
±1 error in 
prediction 
(402 cases)

Before training After training After training After training Before training After training After training After training
61% 86% 60.2% 85.6% 62% 86% 60.7% 82.1%

SCLs, secondary caries lesions

Fig. 2: Chart showing average deviations between net output and actual output of networks 1 and 2 for overhanging dental restoration predictions 
after every 10,000 training cycles

Fig. 3: Bar chart showing the relative/normalized independent factor importance in network 1
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investigation, however, the formulated ANN models were meant to 
focus on future ODRs for preventive programs rather than prevalent 
ones and consequently required the utilization of a larger number 
of patient- and restoration-related input data.

The average deviation of the two ANN models was clearly 
reduced with the increasing number of training cycles. This was in 
line with the study by Xie et al., which utilized ANN modeling to 
determine the necessity for tooth extraction prior to orthodontic 
treatment.23 In that study, the prediction accuracy increased from 
80 to 100% following effective pretraining.

Allowing for a marginal error of ±1 ODR increased the 
accuracy of the constructed ANN models, although this in itself 
may be considered as a study limitation as it allows for a degree 
of uncertainty. However, the subject of ODRs detection remains a 
highly subjective matter and is dependent on the used methods 
and settings.6 Moreover, this points to the fact that the current 
investigation only involved radiographic evaluation and was not 
complemented with a clinical examination, possibly affecting the 
noted prevalence of ODRs.6 Nevertheless, utilizing radiographs 
to construct the proposed prediction models may prove to be of 
significant importance and practicality in large surveillance studies, 
especially when detailed clinical examination is not possible.

co n c lu s I o n 
Within the limitations of this study, it can be concluded that ANN 
modeling predicted the occurrence of ODRs with more than 85% 
accuracy. The most important predictive factor was the number of 
old fillings, while the least important factor was gender.

cl I n I c A l sI g n I f I c A n c e 
This study is the first to utilize a mathematical model using ANN 
in an attempt to predict the occurrence of ODRs. Making use of 
such analyses can help periodontists and general dentists predict 
occurrence of these clinical situations, formulate effective treatment 
planning, and reduce patient discomfort and unnecessary costs.
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