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Predicting postoperative pain 
following root canal treatment 
by using artificial neural network 
evaluation
Xin Gao1,2,4, Xing Xin1,2,4, Zhi Li1,2* & Wei Zhang1,3*

This study aimed to evaluate the accuracy of back propagation (BP) artificial neural network model 
for predicting postoperative pain following root canal treatment (RCT). The BP neural network model 
was developed using MATLAB 7.0 neural network toolbox, and the functional projective relationship 
was established between the 13 parameters (including the personal, inflammatory reaction, operative 
procedure factors) and postoperative pain of the patient after RCT. This neural network model was 
trained and tested based on data from 300 patients who underwent RCT. Among these cases, 210, 
45 and 45 were allocated as the training, data validation and test samples, respectively, to assess the 
accuracy of prediction. In this present study, the accuracy of this BP neural network model was 95.60% 
for the prediction of postoperative pain following RCT. To conclude, the BP network model could be 
used to predict postoperative pain following RCT and showed clinical feasibility and application value.

Root canal treatment (RCT) is the most common therapeutic method for pulp and periapical diseases. After RCT, 
approximately 1–58% discomforts occur, with postoperative pain as the most common1. The occurrence rate of 
moderate to severe pain after RCT is approximately 15–25%2,3. As the greatest concern of patients after treatment, 
this pain may be related to a bio-psycho-social mechanism4. Various factors that influence postoperative pain 
have been studied, including treatment methods, such as the number of sessions to complete the treatment and 
so on; medication used during RCT; different types of treatment, whether it is initial treatment or retreatment; 
host factors, such as gender, age and oral hygiene condition; degree of tissue damage; and severity and intensity 
of inflammatory reaction5,6. The frequency and duration of pain after RCT differ in various studies.

Methods for the control or reduction of pain have been successfully developed over the past few years7,8. 
However, practitioners often assess pain after RCT on the basis of personal clinical experience with no objec-
tive methods. The inaccurate anticipation of pain may have negatives effects on the planning of subsequent 
therapeutic schedule, thus bringing unpleasant medical experience to patients9. With reasonable methods to 
predict postoperative pain, dentists could try to alleviate the pain through controllable factors, such as changing 
operative details and adjusting the medication.

In terms of doctor-patient communication, a clear and visual result supported by scientific evidence seems 
to be more convincing to trust. Therefore, the model is also convenient for dentists to educate patients about 
causes of pain and help them establish correct psychological expectations for the treatment effect10,11. With higher 
negotiation efficiency, unnecessary conflicts between doctors and patients could be avoided. Therefore, further 
research may aim to understand the incidence of pain after RCT better.

Artificial neural network (ANN) is the most recent and rapid development in the field of nature-inspired 
algorithms12. ANN is a system based on the human brain structure and function imitation that can be applied 
to analyse the relationship between various predictors and their unclear relationship13,14. Medical results can 
be predicted by selecting proper neural network structures and training weight. This network has been largely 
developed in the field of medicine and widely used in disease diagnosis, prognosis and clinical decision15–18. It 
is reported that ANN may enable to identify the important variables and predict post-treatment pain with high 
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accuracy. For example, researchers have proved that the model has a potential application in predicting non-ST-
elevation myocardial infarction (NSTEMI) and unstable chest pain. Besides, a study used mobile health apps and 
machine learning models to predict pain during treatment of acute pain in sickle cell disease19,20. They provide us 
technical possibilities for predicting pain, as well as understanding of the individual physiological mechanisms 
of pain and treatment. Nevertheless, there are few articles about the prediction in oral medicine. The application 
of ANN to anticipate postoperative pain following RCT has never been reported before. In the present study, we 
utilized the ANN model of error BP algorithm to predict the occurrence and degree of spontaneous postoperative 
pain after RCT. We wish that in RCT treatment, this model could effectively improve patients’ trust in dentists 
and help dentists make suitable decisions.

Materials and methods
Parameter setting and data standardisation.  The functional relationship between the physical char-
acteristics of patients, features of involved teeth, operative factors and pain after RCT was initially established. 
The input data of the neural network model were the parameters related to postoperative pain. The standardisa-
tion (normalisation processing) of the following 13 parameter data is illustrated in Table 1, the normalized data 
is between 0 and 1: patients’ gender, age and oral hygiene status as personal characteristic parameters; sites, 
types, degree of spontaneous pain, degree of percussion pain, periodontitis, condition of apical inflammation 
and pulp vitality as the characteristic parameters of the affected teeth; factors, such as root canal underfilling, 
root canal overfilling and root canal missing, as the operative factors during RCT.

The classification grade of all parameters strictly follows the accepted standard. As for oral hygiene, we chose 
oral hygiene index-simplified (OHI-S) to measure oral hygiene condition. It contains debris index-simplified 
(DI-S) and calculus index-simplified (CI-S), which was proposed by Greene and Vermillion in1960 and revised 
in 196421. We calculated the average score of DI-S and CI-S, and stipulated 0–0.5 as good, 1–2 as medium, and 
2.5–3 as bad. Regarding the score of tooth mobility (TM), we have adopted a widely used clinical judgment 
method. I-degree TM means that tooth loose exceeds physiological mobility, but the amplitude is within 1 mm. 
II-degree TM means that the amplitude is 1–2 mm and III-degree TM over 2 mm. We set not loose as 0, 1–2 
degree loose as 0.5, and 2–3 degrees loose as 1.

The diagnosis of percussion pain depends on patients’ subjective feelings when knocking the affected teeth22. 
According to the comparison of the reaction between the affected teeth and the normal teeth, percussion pain 
can be divided into five grades: percussion pain (–) means the reaction of knocking with proper force is the same 
as that of normal teeth; percussion pain (±) means discomfort or strange feeling is caused by percussion with 
appropriate strength; percussion pain (+) represents light pain is caused by heavy knocking; percussion pain 
(+++) means severe pain is caused by tapping; percussion pain (++) is between (+) and (+++).

Visual analogue scale (VAS) was employed for pain assessment in this experiment23. The pain scale was 
divided into five equal parts, one end corresponding to ‘no pain’, and the other end as ‘extreme pain’. Normalisa-
tion was as follows: no pain (the patients feels good, score: 0), slight pain (the patient is distracted but not feel-
ing pain, score: 0.2), mild pain (the patient feels pain even when concentrated on work, score: 0.4), moderate 
pain (the patient is very upset but can still continue daily activities, score: 0.6), severe pain (the patient is forced 
to suspend normal activities, score: 0.8) and extreme pain (bed rest is needed instead of any kind of activities, 
score: 1). VAS scoring was completed by patients according to their subjective experience, under the guidance 
of examiners. Before patients made their choice, examiners carefully enquired about their feelings and explained 
the meaning of different pain ratings as detailed as possible, in order to reduce subjective errors. VAS score one 
week after RCT was set as the data of postoperative pain.

Table 1.   Normalisation of parameter data.

Parameter Normalisation processing

X1: gender Male: 0;  female: 1

X2: age  ≤ 20: 0; 20–30: 0.25; 30–40: 0.5; 40–60: 0.75; ≥ 60: 1

X3: oral hygiene Good: 0; medium: 0.5; bad: 1

X4: location of involved teeth Maxillary: 0; mandibular: 1

X5: type of involved teeth Incisors and canines: 0; premolars: 0.5; Molars: 1

X6: degree of spontaneous pain (initial diagnosis) No pain: 0; slight pain: 0.2; mild pain: 0.4; moderate pain: 0.6; severe 
pain: 0.8; extreme pain: 1

X7: degree of percussion pain of involved teeth (initial diagnosis) No percussion pain: 0; percussionn pain ( ±): 0.25: percussion pain (+): 
0.5; percussion pain (++): 0.75; percussion pain (+++): 1

X8: tooth mobility (initial diagnosis) Not loose: 0; I-II degree loose: 0.5; II-III degrees loose: 1

X9: radiographic appearance of apex (initial diagnosis) No shadow: 0; small shadow: 0.5; shadow at 1/2 root length: 1

X10: vitality of dental pulp (initial diagnosis)
X11: root canal underfilling

Partial vitality: 0; no vitality: 0.5; corruption and necrosis of dental 
pulp: 1
Suitable filling ≤ 2 mm: 0; underfilling 2–3 mm: 0.5; underfill-
ing ≥ 3 mm: 1

X12: root canal overfilling None: 0; overfilling ≤ 2 mm: 0.5; overfilling > 2 mm: 1

13: root canal missing None: 0; missing 1: 0.5; missing ≥ 2: 1
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Establishment of BP neural networks model.  The structure of the BP neural networks is shown in 
Fig. 1. The number of node of input layer was 13, representing the physical condition of the patient and operative 
factors during RCT. And the number of hidden layer node was 10. The number of output layer node was 6, which 
represented the different levels of the postoperative pain of the patient. At the same time, the model improved 
its generalisation ability by a set of validation data samples and thus prevented overfitting the training samples.

Sample selection and model test.  The study protocol was approved by the Ethics Committee at Hos-
pital of Stomatology, Wuhan University. All patients were informed of the clinical study and provided signed 
informed consent. The study was conducted in full accordance with ethical principles. A total of 300 adult 
patients with 300 root filled teeth who had received RCT from January 2015 to December 2018 in the Depart-
ment of Endodontics in our hospital were randomly selected as subjects and provided with serial numbers.

The inclusion criteria were as follows: the affected teeth were receiving their first RCT, no contraindications 
for RCT was found, no psychoactive or analgesic drugs had been orally taken or infused for the past 1 month, 
no diabetes or immune dysfunction systemic diseases, no mental illness, female patients were not pregnant or 
lactating and no allergic physical constitutions. RCTs for all patients were performed by the same endodontist 
thrice, including pulp opening, root canal preparation and root canal filling, each at 1 week interval. Patients 
strictly followed the postoperative instructions. In addition, patients did not take any anti-inflammatory drugs 
before, during RCT and within 1 week. Experimenters evaluated the patients before, after and 1 week after RCT.

According to Table 1, the parameter data of 300 cases were normalised and counted as the input of the ANN 
model. Relevant data on the occurrence and degree of spontaneous pain after RCT were normalised as the 
output. Among them, 210 cases (patients No. 1 to No. 210) were assigned as data training samples, and 45 cases 
(patients No. 211 to No. 255) were used as data validation samples to improve the generalisation ability of the 
BP neural network model and to avoid overfitting. Furthermore, another 45 cases (patients No. 256 to No. 300) 
were employed as test samples to detect the predictive accuracy of this model.

Results
Judging the optimal performance of validation samples.  The relationship curve between the per-
formance loss function of model and iteration times is shown in Fig. 2. The blue line represents the cross-entropy 
over the course of training, the green line represents the cross-entropy over the course of validation, and the red 
line represents the cross-entropy over the course of test. The BP neural network model converged continuously 
in the process of 19 iterations, and the performance loss function of fitting error to test the training and valida-
tion samples decreased continuously. The optimal performance of validation samples was 0.02678, at the 13th 
iteration.

Results of prediction test.  The confusion matrix of BP neural network model for testing the training and 
validation samples, as well as the total data, is indicated in Fig. 3. The confusion matrix is used to evaluate the 
quality of the output of a classifier on the data set. The diagonal elements represent the number of points for 
which the predicted label is equal to the true label, while off-diagonal elements are those that are mislabeled by 
the classifier. The higher the diagonal values of the confusion matrix the better, indicating many correct predic-
tions. The training accuracy of training samples was 95.2%, and the validation accuracy of the validation samples 
was 97.8%. In addition, the accuracy of the prediction model of test samples was 95.60%. Therefore, we supposed 
that the BP neural network model was able to anticipate postoperative pain of RCT.

Discussion
With the development of endodontic treatment, the incidence of pain and swelling during RCT is only approx-
imately 10%24. Patients frequently suffer from postoperative pain. Prospective clinical studies revealed that 
approximately 21%, 15% and 7% of patients have mild, moderate and severe pain, respectively, after RCT​25. In 
clinical practice, we find that patients often evaluate their treatment effects based on subjective feelings. Due to 
insufficient relevant medical knowledge, it is difficult for patients to assess the treatment effect from professional 
aspects. With painful experiences, they tend to think that they are suffering from low-quality treatment, causing 
dissatisfaction and misunderstanding. However, the majority of practitioners always emphasize the control of 
postoperative pain instead of objective methods for accurate prediction26–28.

The rapid and accurate prediction of postoperative pain is necessary in root canal therapy, which can be 
conductive to the formulation of follow-up diagnosis and treatment plans, the adoption of preventive measures 

Figure 1.   Structure of BP neural network model.
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for possible pain and timely notification to patients. In this study, we used BP ANN model to estimate the post-
operative pain of RCT, and the accuracy reached 95.60%, which has significant clinical value. BP-ANN is a type of 
classical artificial neural network, and its innovation is inspired by the structure of brain neural system. It employs 
machine learning based on BP algorithm, which is the basis of many complex computations. BP-ANN can be 
used in the medical field, including predicting body biochemical indexes and diagnosing diseases, forecasting 
and quantifying the synergistic effect of drugs and prognosing the results of treatment29–32.

For a specific case, dentists can only estimate pain after RCT based on personal clinical experiences. Multiple 
predictors play a role in postoperative pain. Therefore, determining how many and to what extent the factors 
are contributing to the occurrence of the pain is difficult. A complex non-linear relationship exists. Predicting 
the possibility of postoperative pain with clinical experience alone is unreliable. Thus, we must have a calcula-
tion tool that can scientifically analyse the non-linear relationship. The main advantage of ANN is that it can 
analyse numerous predictors (or variables) without statistical modelling and can effectively deal with non-linear 
problems. In addition, an essential feature of ANN is that it could learn from input data. Through the repeated 
training of various data, obtaining the ability to assess the results of new input data may be successful33–35.

The construction of neural network model must be solved first to accurately predict postoperative pain. The 
BP neural network contains the input, hidden and output layers. Experimenters input the variables into the input 
layer and obtain the desired prediction results from the output layer. Nodes in the hidden layers can analyse the 
nonlinear relationship between the data. Therefore, numerous training samples are first employed to establish 
the correct model of non-linear relationship. The core idea of the multilayer feedforward neural network of BP 
algorithm is to calculate the training error through forward neural network and then utilize the training errors 
to act on hidden-layer neurons reversely. This method adjusts the connection weight and the threshold of each 
neuron and continuously update to reach the minimum of training errors. BP neural network has the ability of 
self-study, which actually achieves a mapping function from input to output. Furthermore, mathematical theories 
have proven that the network contains the function of achieving any complex non-linear mappings, which makes 
it especially suitable for solving problems with complicated mechanisms36–38.

Secondly, regarding the selection of parameters and standardisation of data involved in predicting pain after 
RCT, this model is absolutely professional and credible. Predictors, such as gender, age, allergy history and retreat-
ment, are closely related to the postoperative pain of RCT​39. With age, the probability of moderate or severe pain 
after RCT increases40. Significant gender differences exist in clinical and experimental pain responses between 
male and female41, and the risk of postoperative pain in women is much higher. For the personal characteristics 
of patient, genetic background is also closely related42. However, utilizing complicated genetic types as parameters 
to predict pain following RCT still remains technically difficult, thus it was not used in this study. At the same 
time, the location, type, number of root canals, pulp vitality, preoperative pain, destruction of apical bone, acute 
abscess, occlusal high point and other factors of the affected teeth are considered to be involved with postopera-
tive pain43–45. Clinical statistics revealed that pain after the RCT of non-molars is significantly lower than that 
of molars, and pain after RCT is higher in mandibular teeth than in maxillary teeth33 In addition, root canal 

Figure 2.   Graph of performance loss function vs. number of iterations.
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underfilling, overfilling and omission, instrument selection and other operational factors are also important 
predictors in the postoperative pain of RCT​46–48.

Psychological factors of postoperative pain may include a wide range of contents. For example, depression, 
anxiety, catastrophizing, somatization, cognitive function, and so on49. There are also some studies that do not 
mention the effect of psychological factors on pain after RCT​50. Due to the relatively small number of studies 
explaining psychological mechanisms, the credibility of the analysis is reduced. Therefore, we did not include 
psychological factors in this study. Other studies using artificial neural network to analyze the specific influence 
of various psychological factors on postoperative pain could also be considered in the future.

In this experiment, we selected 13 possible variables in the personal characteristics, dental characteristics and 
operative factors of the patient as input parameters in the ANN model. The effect weight between these variables 
and postoperative pain of RCT remains unclear, but after the repeated training of numerous samples, BP neural 
network has automatically screened the variables internally, distributing small weight to variables that slightly 
contribute and large weight to variables that contributes. When the training sample is large, the influence of 
variable selection, parameter selection and data standardisation on the final output is minimal.

As a note, other factors that may affect postoperative pain but are not included in 13 parameters, such as 
different treatment methods, medication used in root canals, are all under the same control. Besides, in order to 
reduce inter-examiner bias and intra-examiner bias, we have trained the examiners carefully before the experi-
ment to form an unified understanding of the diagnostic criteria. We also carried out the standard consistency test 
in advance to confirm that they have mastered the consistent standard. There are also some inevitable deviations. 
For example, traditional diagnosis of percussion pain and tooth mobility rely partially on the visual inspection 

Figure 3.   The confusion matrix of model sample.
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and subjective reports. We are considering more accurate test methods in future study, such as 3-shape oral 
scanner or other intraoral measurement devices to get teeth mobility data51,52.

Therefore, ANN based on BP algorithm exhibits high prediction accuracy and may benefit dentists and 
patients in future root canal therapy. After further optimizing the measurement method, the precision of ANN 
model will continue to improve.

Besides, a meaningful issue worth discussion is, when the model predicts no pain but the patient reports pain, 
how should dentists deal with the problem? We consider that dentists could not ignore the subjective feelings 
of patients. Dentists need to carefully analyze the causes of pain, and combine artificial neural network predic-
tion with personalized medical service. Artificial neural network models are our tools, not our manipulators.

Our research does have some limitations. For example, we only studied short-term pain which was one week 
after treatment. In future studies, longer follow-up can be considered to predict the possibility of long-term pain.

Conclusion
Nowadays, ‘comfortable medicine’ and ‘precise medicine’ have been developed and are urgently needed by doc-
tors. This study utilized ANN model to predict pain after RCT, provid certain clinical significance for practition-
ers that aim to improve the quality of RCT, establish optimized treatment plans and reduce the occurrence of 
medical disputes. Therefore, the proposed method might be used for clinical reference in the future.
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