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Article Info Abstract 

Depression among university students requires accessible preliminary 

screening, yet the reliability of simplified rule-based models for 

representing multiple severity levels remains unclear. This study 

evaluates the performance of a Certainty Factor (CF) model for 

classifying depression severity using a publicly available secondary 

dataset containing 783 student records. After excluding four records 

with missing depression_severity labels, 779 records were analyzed. 

The model used three binary evidence variables depressiveness, 

suicidal ideation, and sleepiness and combined pre-specified Measure 

of Belief and Measure of Disbelief weights using the CF combination 

rule. The resulting CF scores were mapped to five predefined classes: 

None-minimal, Mild, Moderate, Moderately severe, and Severe. Model 

predictions were compared with questionnaire-derived depression-

severity labels using a 5 × 5 multiclass confusion matrix and overall 

accuracy. The model correctly classified 315 of 779 records, 

producing an accuracy of 40.44% and an error rate of 59.56%. The 

evaluation also revealed that the model generated no Moderate 

predictions because none of the attainable CF scores fell within the 

Moderate interval. In addition, many Mild cases were classified as 

None-minimal because the three evidence variables did not represent 

the broader symptom profile captured by the reference questionnaire. 

These findings indicate that the evaluated CF configuration is 

insufficient for reliable five-class depression-severity classification. 

Future research should incorporate all PHQ-9 indicators, derive CF 

weights through a documented expert-elicitation process, justify 

missing-data handling, and validate the model on an independent 

dataset. 
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1.    Introduction 

Depression is a mental-health concern that can affect students’ wellbeing, cognitive functioning, and 

academic engagement. Recent expert-system studies have applied Certainty Factor (CF) reasoning to 

mental-health screening and depression-related decision support, illustrating the need for accessible 

preliminary assessment tools [1]. Early screening is valuable when access to professional support is 

constrained by limited availability, cost, stigma, or low awareness. A computer-based expert system can 

provide an initial, non-clinical indication from stated symptoms and can support referral to qualified 

professionals; it does not replace a psychologist or psychiatrist [2]. 

In addition to diagnostic accuracy, digital health applications should also provide good usability to 

ensure that users can effectively interact with the system during preliminary health screening. Previous 

studies on mobile health applications have shown that usability and user experience are essential factors 

influencing the effectiveness and acceptance of health technologies [3]. 
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The assessment of depressive symptoms contains uncertainty because an individual symptom may have 

different meanings and reported intensity may vary. The CF method represents this uncertainty by 

combining a Measure of Belief (MB) and a Measure of Disbelief (MD) for evidence associated with a 

hypothesis. This characteristic has made CF suitable for rule-based preliminary screening systems [4]. A 

limitation of many CF-based applications is that they emphasize application implementation or binary 

diagnostic output rather than evaluating whether a small set of binary inputs can reproduce a multi-level 

severity label. In this study, the reference labels correspond to the five PHQ-9 severity bands: None-

minimal, Mild, Moderate, Moderately severe, and Severe [5]. Accordingly, this study evaluates the 

algorithmic accuracy of a pre-specified CF model for classifying depression severity in university-student 

records. The evaluation compares the predicted severity class from three binary symptom variables with 

the questionnaire-derived depression-severity label using a multiclass confusion matrix. The study is an 

algorithmic simulation and is not intended to establish a clinical diagnosis. 

Prior work demonstrates the practical use of CF in mental-health expert systems. [6] and [7] combined 

Forward Chaining and CF to guide diagnostic reasoning. [8], [9], [10], and [11] developed CF-based 

systems for depression or broader mental-health conditions. These studies show that CF can be 

implemented in rule-based applications, but their primary contribution is commonly system development 

rather than large-sample, multiclass evaluation. Other studies broaden the target population or 

psychological construct. [12] applied CF to bipolar disorder; [13] and [14] addressed anxiety; [15] 

incorporated DASS-42 indicators for stress; [15] focused on adolescents; and [16] studied people aged 18–

23 years. These works demonstrate the flexibility of CF, while also showing that the quality of the result 

depends on the completeness of symptoms, the knowledge-base weights, and the evaluation design. The 

present study differs by evaluating a five-class depression-severity output against 779 questionnaire-

derived reference labels. This evaluation design makes it possible to identify class-level failure patterns, 

particularly whether the CF score combinations can reach every predefined severity interval.  

A recent systematic review of expert systems for mental-health disorders in college students also 

reported the widespread use of Certainty Factor and emphasized that model performance depends on the 

selected symptoms, knowledge-base weights, and evaluation procedure [16]. 

2.    Research Methodology 

The methodology maps a secondary student dataset into a rule-based CF simulation, converts the 

combined CF output to a depression-severity class, and evaluates the predicted class against the 

corresponding reference label. The steps comprise data preprocessing, CF calculation, score-to-class 

mapping, and multiclass performance evaluation. 

A. Dataset and Data Preprocessing 

The study used the publicly available Depression and Anxiety dataset, which contains 783 records and 

19 variables [6]. This study analyzes only the depression-severity task; it does not evaluate anxiety severity. 

Four records with depression_severity coded as NA were excluded. The remaining 779 records were 

retained. The raw label none (15 records) was standardized to None-minimal. Among the retained records, 

eight NA values occurred in sleepiness and were coded as FALSE for the binary CF simulation; 

depressiveness and suicidal contained no missing values after the target-label exclusion. This rule preserved 

779 records and is treated as a limitation when interpreting the results. 

The three CF evidence variables are depressiveness, suicidal, and sleepiness. The phq_score and 

depression_severity variables are used only as reference information for evaluation, so they are not used to 

calculate the CF prediction. Although the source dataset also includes anxiety-related variables, they are 

outside the scope of this depression-only analysis. The eight missing sleepiness values in the retained 

records were coded as FALSE solely to preserve the stated 779-record evaluation set, show in Table 1. 
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Table 1. Variables Used in the Depression Severity Analysis 

Variable Data type Role Preprocessing / use 

depressiveness Boolean CF evidence TRUE = present; FALSE = absent. 

suicidal Boolean CF evidence TRUE = present; FALSE = absent. 

sleepiness Boolean CF evidence 
TRUE = present; FALSE = absent; 8 NA values 

coded as FALSE. 

phq_score Integer Reference score 
Not used as CF input; associated with the reference 

severity label. 

depression_severity Categorical Ground-truth label 
4 NA records excluded; none standardized to None-

minimal. 

age, gender, 

school_year 
Mixed Demographics Descriptive variables; not used as CF inputs. 

B. Certainty Factor Formulation and Severity Mapping 

For each evidence variable E associated with a depression-severity hypothesis H, the CF value is 

calculated from the assigned MB and MD values. The weights are pre-specified simulation parameters 

rather than weights estimated from the dataset. 

 

CF(H, E) = MB(H, E) - MD(H, E) 

 

When more than one positive evidence variable is present, the individual CF values are combined 

iteratively using the positive-CF combination rule. 

 

CFcombine(CF1, CF2) = CF1 + CF2 × (1 - CF1) 

 

The final combined CF score is then mapped to a predicted severity class using the predefined intervals 

in Table 2. The intervals are a modeling rule used to enable comparison between the continuous CF output 

and the categorical reference labels. 

Table 2. Predefined Mapping of CF Scores to Depression Severity Classes 

 

CF score range Predicted severity class 

0.00 ≤ CF ≤ 0.20 None-minimal 

0.20 < CF ≤ 0.40 Mild 

0.40 < CF ≤ 0.60 Moderate 

0.60 < CF ≤ 0.80 Moderately severe 

0.80 < CF ≤ 1.00 Severe 

 

The mapping in Table 2 is a predefined classification rule. It is not a property of the source dataset and 

is not clinically calibrated in this study. 

 

C. Evaluation of Classification Performance 

The predicted class for each record was compared with the standardized depression_severity label in a 

5 × 5 multiclass confusion matrix. Overall accuracy was calculated from the diagonal of the matrix divided 

by the total number of evaluated records. 
 

Accuracy = (Correct predictions / Total records) × 100% 
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4.    Results and Discussion 

A. Assigned CF Values for the Depression Severity Simulation 

Table 3 presents the MB and MD values used in the depression-severity simulation. Because this study 

uses a secondary dataset and does not report a formal expert-elicitation procedure, the values should be 

interpreted as modeling assumptions used to assess CF behavior, not as validated clinical weights. The 

configuration assigns the highest individual CF value to suicidal ideation, followed by depressiveness and 

sleepiness. 

Table 3. CF Weights Used in the Depression Severity Simulation 

 

Code Evidence variable MB MD CF (MB - MD) 

G01 Depressiveness 0.80 0.10 0.70 

G02 Suicidal ideation 0.90 0.05 0.85 

G03 Sleepiness 0.50 0.20 0.30 

 

B. Case Calculation Simulation 

To illustrate the rule calculation, consider a record with depressiveness (G01) and sleepiness (G03) 

coded TRUE and suicidal (G02) coded FALSE. Only G01 and G03 contribute to the CF combination. 

 

1. Evidence G01: CF1 = 0.70 

2. Evidence G03: CF2 = 0.30 

3. CFcombine = CF1 + CF2 × (1 - CF1) 

CFcombine = 0.70 + 0.30 × (1 - 0.70) 

CFcombine = 0.70 + 0.30 × 0.30 

CFcombine = 0.70 + 0.09 = 0.79 (79%) 

 

According to Table 2, a score of 0.79 falls in the interval 0.60 < CF ≤ 0.80 and is therefore classified 

as Moderately severe. 

 

C. Multiclass Confusion Matrix Evaluation 

 

Table 4. Multiclass Confusion Matrix for Depression Severity Predictions 

 

Actual class \ Predicted class 
None- 

min. 
Mild Moderate 

Moderately 

severe 
Severe 

None-minimal 226 13 0 0 2 

Mild 270 60 0 0 14 

Moderate 0 0 0 117 23 

Moderately severe 0 0 0 21 21 

Severe 0 0 0 4 8 

 

The model correctly classifies 315 of 779 records, resulting in an accuracy of 40.44%. The remaining 

464 records are misclassified, corresponding to an error rate of 59.56%. The results indicate that the current 

CF configuration is not adequate for five-class depression-severity classification. The performance 

limitation is attributable to the restricted binary evidence set, the pre-specified weights, and the predefined 

score-to-class mapping. 

First, the model has a prediction blind spot for the Moderate class. Under the specified evidence 

weights, the attainable CF scores are 0.00, 0.30, 0.70, 0.79, 0.85, 0.895, 0.955, and 0.9685. None fall in the 

Moderate interval (0.40 < CF ≤ 0.60), so the model cannot predict the Moderate class under this 

configuration. Second, the evidence variables under-represent the symptom set needed to distinguish mild 
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and intermediate depression severity. For example, 270 records labeled Mild are predicted as None-minimal 

because no positive value is present for depressiveness, suicidal, or sleepiness. Symptoms not represented 

by these three variables, such as reduced interest, fatigue, appetite change, or concentration difficulty, can 

still contribute to the questionnaire-derived reference label [5]. 

The result should therefore be interpreted as an algorithmic simulation rather than a clinical diagnostic 

validation. The limited three-variable architecture cannot reproduce the full five-level depression-severity 

spectrum represented by the PHQ-9 [5]. 

5.    Conclusion 

This study evaluated a pre-specified Certainty Factor model for classifying depression severity in 

university-student records. Using 779 valid records and a five-class multiclass confusion matrix, the model 

achieved an accuracy of 40.44% and an error rate of 59.56%. The result indicates that the present 

configuration is insufficient for reliable five-class depression-severity classification. 

The evaluation identifies two central limitations. First, the selected weights and mapping thresholds 

create a Moderate-class blind spot because no attainable CF score falls in its interval. Second, three binary 

evidence variables do not represent the full symptom profile behind the questionnaire-derived severity 

label, leading to substantial misclassification of Mild cases. 

Future work should incorporate all PHQ-9 indicators, obtain CF weights through a documented expert-

elicitation process, define and justify missing-data handling, and validate the model using an independent 

dataset. Comparative testing against data-driven or hybrid methods may also clarify whether the CF rule 

base can be improved. Until such validation is completed, the model should be positioned only as a research 

simulation, not as a stand-alone clinical diagnostic tool. 
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