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SUMMARY: For solving the problems of dispersive data, non-uniform metrics, and not 

enough explanation of outcomes in yearly performance assessment work of university teachers, 

a deep belief network model that has missing-value-conscious inputs and double-task outputs 

was built. According to name-hidden materials from four same-grade undergraduate 

universities that cover the years 2021 to 2024, this research has collected 1,248 yearly teacher 

assessment samples. The raw data was systematically organized into five primary dimensions-

teaching contributions, research output, student development support, public service, and 

professional growth-comprising 18 secondary indicators and 64 computable variables. Test 

results show that the model achieves a Mean Absolute Error (MAE) of 3.31, a Root Mean 

Square Error (RMSE) of 4.29, an R² of 0.895, an Accuracy of 0.861, and a Macro-F1 of 0.832, 

outperforming Linear Regression, Random Forest, XGBoost, Backpropagation Neural 

Networks, and the standard DBN.Compared to DBN-base, the RMSE decreased by 12.1%, and 

the Macro-F1 score increased by 3.4 percentage points. Robustness experimental outcomes 

show that when the missing data rate is increasing from 0% to 15%, the value of RMSE is risen 

only from 3.92 to 4.36; the descending of performance is more obvious when the two items, 

which are research output and student support variables, all encounter high degree of 

interference at the same time. The outcome shows that this model can give comparatively steady 

quantification support and a distinct explanation interface for university teacher performance 

assessment. 

 

KEYWORDS: Deep Belief Network; the performance assessment of teachers in universities; 

data from many sources; study of two tasks together; interpretable assessment 

1 Introduction 

The performance assessment of university teachers has direct connection with permanent 

employment, title promotion, performance-linked salary payment, teaching quality 

enhancement, and support for teachers' own development. To institutions of higher learning, 

the working achievement of teachers cannot be comprehended only by means of yearly work 
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load calculation figures. It is distributed among teaching work, curriculum making, research 

outputs, student guiding, department works, public services, and professional improvement. At 

present, the evaluation systems which exist now normally put together annual report forms, 

student feedback information, peer checking work, and management side examination. 

Although this structure already obtains very widespread use, it still exists continuous difficult 

problems on the aspects of data integration and feedback provision. The work tasks of faculty 

members are not same in different colleges, and the contribution modes also have differences 

among teaching-focused, research-focused, practice-based and service positions. Under these 

situations, evaluation models which are built mainly on even weights and manual gathering 

tend to squeeze different work into an excessively simple outcome. 

Student course appraisals are still broadly applied in teaching evaluation, however their 

validity and fairness are not steady. Cook and other colleagues demonstrate that such grading 

methods only catch a portion of the teaching experience, and cannot separate teaching effect 

from course hardness, student anticipations, or teacher working input [1]. Quansah and other 

persons we further point out that scoring action, appraisal environment, and measuring mistake 

reduce their dependability in teacher evaluation [2]. These distorted situations become more 

influential when evaluation scores are connected to promotion, rewards, or work post 

reassignment. Daskalopoulou and other researchers also report the influences of gender, self-

identity, curriculum type, and student’s perception on evaluation results, faculty’s pressure, and 

career developmentt [3]. These restrictions have impelled faculty appraisal toward data-based 

models that can seize nonlinear connections among multi-source indexes and support more 

fine-divided evaluation of instruction, research, and development possibility. Alakoum et al. 

noted regarding the application of AI in university faculty performance evaluation that 

intelligent evaluation systems can enhance evaluation automation, personalized feedback, and 

the ability to identify multidimensional contributions [4]. Almufarreh et al. constructed a 

teaching quality framework and employed machine learning methods to support faculty 

performance evaluation, demonstrating that educational evaluation data can be used to train 

models capable of generating computable quality judgments [5]. Almubarak et al. further 

applied deep learning to identify classroom interactions, proving that evaluation criteria-such 

as faculty behavior and student engagement-which traditionally relied on manual observation, 

can be transformed into trainable and verifiable model inputs [6]. 

Existing research has driven the transition of teacher evaluation from manual, experience-

based methods to intelligent assessment; however, several key shortcomings remain in the 

context of university faculty performance evaluation. First, many models focus primarily on 

teaching quality or classroom behavior, with insufficient comprehensive modeling of research 

output, student mentoring, public service, and professional development.Second, some studies 

rely on fuzzy algorithms, regression models, or single classifiers, which can produce evaluation 

results but struggle to capture the hierarchical and implicit relationships among indicators. Yang 

et al. used adaptive fuzzy algorithms to construct a faculty performance evaluation method in 

the context of higher education reform, enhancing rule expression and fuzzy reasoning 

capabilities [7]; Qi et al. optimized the design of higher education performance evaluation 

indicators from the perspective of multi-objective feature regression, improving the modeling 

accuracy of multi-objective evaluations [8].While these studies provide a valuable model 

foundation for faculty evaluation, shallow models remain susceptible to limitations imposed by 

manual weighting and feature selection when performance indicators exhibit characteristics 

such as multi-source heterogeneity, weak labeling, missing records, and nonlinear interactions. 

The problem of whether people can understand the meaning still is a core weak point in the 

evaluation of college teaching staff members. The higher education appraisal must indicate 

which quotas formed the outcome, in which places great differences appeared, and how 
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teaching staff in different positions can make improvement. Ben the Zion et al. the research 

indicates that AI-supported teaching assessment can make supplement to traditional evaluation 

and match what students think [9]. However, in the management of faculty members, merely 

consistency is not sufficient. The results also must give support to cross-department comparison, 

individual feedback, anomaly review, and year-to-year tracking work. When the attribution of 

results is not clear, the acceptance of faculty becomes weaker, and the follow-up work of 

administration thus loses its direction. 

DBNs are fit for this situation because they can study hierarchical expression for score 

forecast and grade sort under restricted samples, high-dimension targets, lost data, and complex 

feature relation. The materials of teacher side have continuous and classification variables put 

together, and many connections are not straight line shapes. Teaching working burden, for 

example, cannot directly correspond to teaching quality, while the connection between research 

achievement and student guidance is moreover influenced by departmental resources and post 

type. 

Therefore, this research carries out the development of a model which is based on DBN for 

the evaluation of faculty members. Yearly materials are transformed into multi-dimensional 

vectors that cover teaching, research, service and professional development, hence the model 

together carries out prediction of scores and grades. This work gives a united index framework, 

one missing-considering two-task DBN, and experiment verification through model 

comparison, stability checks, ablation, and case analysis. 

2 Methods 

2.1 Data Organization and Indicator Construction 

This dataset was constructed by using information that removes personal identifiers from 

faculty files which come from four undergraduate universities of the same grade, in the time 

period of 2021 to 2024, it includes academic work, human resource, research administration, 

student score evaluations, colleague evaluation, and public service work. After we carry out ID 

and year matching, remove repeated samples, and carry out rule-standardized rearrangement 

work, 1,248 faculty-year samples are retained by us. Figure 1 shows the sample structure and 

its linkage to supervisory tasks. 

 

Figure 1: Organization of University Faculty Performance Data and Sample Construction 

Mechanism 
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If performance evaluations rely solely on teaching hours, the number of papers, or the 

average student evaluation score, they tend to reduce teachers with significantly different job 

responsibilities to the same scale. Based on this, this paper organizes the raw data into five 

primary dimensions: teaching contributions, research output, support for student development, 

public service, and professional growth. Under these, 18 secondary indicators are established, 

which are further expanded into 64 computable variables.This indicator system retains common 

items from annual university evaluations while incorporating elements-such as course 

development, competition coaching, academic services, and faculty development-that are often 

underrepresented in aggregate scores. The organizational structure of the core indicators is 

shown in Table 1. 

Table 1: Teacher Performance Indicator System and Variable Processing Rules 

Primary 

dimension 

Secondary 

indicator 

Variable 

count 
Typical variables Processing rule 

Teaching 

contribution 

Teaching load, 

teaching quality, 

course 

construction, 

teaching reform 

output 

16 

Annual teaching 

hours, student 

evaluation mean, 

peer review score, 

course construction 

output, teaching 

award count 

Log compression for 

counts; score mapping 

to 0-100; weighted 

conversion for graded 

awards 

Research 

output 

Projects, papers 

and monographs, 

patents and 

transfer, funding 

18 

Project count, 

indexed papers, 

monograph 

contribution, patent 

output, research 

funding 

Log compression for 

counts; comparable-

value standardization 

for funding; weighted 

conversion by output 

level 

Student 

support 

Academic 

advising, thesis 

supervision, 

competition 

mentoring, 

student feedback 

10 

Thesis supervision 

load, competition 

mentoring results, 

advising frequency, 

student support score 

Standardization for 

counts; unified scoring 

for feedback and 

outcomes 

Public 

service 

Internal 

governance 

service, academic 

community 

service, social 

service 

8 

Committee service, 

peer-review service, 

outreach activity, 

industry 

collaboration 

Joint encoding of 

frequency and service 

level; duplicate-event 

removal 

Professional 

growth 

Training, 

promotion, 

honors, 

international and 

peer development 

12 

Training hours, 

promotion progress, 

honor count, visiting 

activity, academic 

exchange 

Standardization for 

continuous items; 

intensity coding for 

stage-based events 

 

Variables of different types are processed hierarchically. Count-based metrics-such as 

teaching hours, number of projects, number of papers, and number of students supervised-retain 

their original scale and undergo logarithmic compression; ratio and score-based metrics-such 

as average student evaluation scores, average peer review scores, and course objective 
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achievement rates-are uniformly mapped to the 0-100 range;For indicators showing significant 

scale differences across different schools, robust centralization is first performed at the 

"university-school-year" three-tier level, followed by a unified standardization process. Outliers 

are not directly removed but are truncated at the 1st and 99th percentiles to mitigate the 

influence of a few exceptionally high values on model weights. 

Missing values are handled separately based on their business attributes. The first category 

is structural missing data, such as when some faculty members do not supervise graduate 

students, engage in international collaboration, or participate in industry-sponsored projects. 

Two types of missing-data states we have carried out the distinction. Activities that do not fit 

the institutional rules were encoded as effective zero values. Recording-connected missing 

items-like non-returned colleague reviews, not-complete business registration, or not-

synchronized past records-were kept as missed, and one covering vector was created in the 

same time. This processing method, at the input stage, separates the condition of "no task is 

assigned" from the condition of "task has not been recorded". The supervised labels are obtained 

from the annual institutional evaluation outcomes. Because the rules of scoring were not same 

among every school, the original results were first projected onto a unified 0-100 scale, and 

then were divided into four grades: A (≥85), B (75-84.99), C (60-74.99), and D (<60). The final 

sample distribution is 18.3% for Grade A, 41.8% for Grade B, 30.1% for Grade C, and 9.8% 

for Grade D. This distribution preserves the fundamental characteristic of the annual evaluation-

a concentration in the middle range with relatively fewer schools at the extremes-and provides 

a supervised foundation for subsequently conducting score prediction and grade classification 

in parallel. 

2.2 DBN-based Performance Representation and Evaluation Model 

There are clear hierarchical relationships among faculty performance variables. Teaching 

workload and teaching quality do not always change in tandem, and the contribution of research 

output to overall performance is further influenced by position type, departmental tasks, and 

service workload. To extract stable representations from multi-source, heterogeneous variables, 

this paper adopts a Deep Belief Network (DBN) as the core model and introduces missing-

value-aware inputs, feature group balancing constraints, and a dual-task output structure based 

on the standard DBN.The DBN architecture used in this paper, along with its missing-value-

aware inputs and dual-task output relationships, is shown in Figure 2. 
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Figure 2: DBN Performance Representation and Dual-Task Output Mechanism 

The sample input consists of a standardized feature vector and a missingness mask. Let the 

original features of the annual sample for the th faculty member 𝑖 be 𝑥𝑖𝑗 , and let the mean 

and standard deviation of the th variable 𝑗  be 𝜇𝑗  and 𝜎𝑗  , respectively. Then, the 

standardized input is given by Equation (1). 

𝑥̃𝑖𝑗 =
𝑥𝑖𝑗 − 𝜇𝑗
𝜎𝑗 + 𝜀

,  𝑢𝑖 = [𝑥̃𝑖; 𝑚𝑖] (1) 

In the equation, x̃ij  represents the standardized j th variable, mi  is the missing mask 

vector for sample i, ε is a small constant to prevent the denominator from becoming zero, and 

ui  is the final input representation.The original performance variable in this paper is 64-

dimensional, and the mask vector is also 64-dimensional; when concatenated, they form a 128-

dimensional initial input. To avoid training instability caused by high-dimensional sparse inputs 

directly entering the RBM, this paper first compresses them to 64 dimensions using a single 

layer of linear mapping, and then feeds them into a three-layer DBN backbone network. 

The DBN consists of stacked RBMs. The first layer uses a Gaussian-Bernoulli RBM to 

process continuous, standardized inputs, while the upper layers use a Bernoulli-Bernoulli RBM 

to learn latent representations. For any given RBM layer, its energy function is shown in 

Equation (2). 

𝐸(𝑣, ℎ) = −𝑎⊤𝑣 − 𝑏⊤ℎ − 𝑣⊤𝑊ℎ (2) 

Here, v  denotes the visible layer variables, h  denotes the hidden layer variables, W 

denotes the inter-layer weight matrix, and a and b denote the visible and hidden layer biases, 

respectively.This paper employs layer-wise unsupervised pre-training to initialize network 

parameters, followed by a supervised fine-tuning stage, to mitigate the issue of unstable updates 

that arises during direct end-to-end training under moderate sample sizes [10-14]. Given the 

input to the visible layer, the hidden layer activation probability and the visible layer 

reconstruction probability of the RBM are expressed in Equations (3) and (4), respectively. 
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𝑝(ℎ𝑗 = 1|𝑣) = 𝜎 (𝑏𝑗 +∑ 𝑊𝑖𝑗
𝑖

𝑣𝑖) (3) 

𝑝(𝑣𝑖 = 1|ℎ) = 𝜎 (𝑎𝑖 +∑ 𝑊𝑖𝑗
𝑗

ℎ𝑗) (4) 

Here, σ(·)  denotes the Sigmoid function, and 𝑊𝑖𝑗  represents the connection weight 

between the i th visible unit and the j th hidden unit [15-17]. In this paper, the sizes of the 

three hidden layers are set to 48, 32, and 16, respectively. After layer-wise pre-training, the 16-

dimensional representation from the top layer is fed into a shared discriminator layer, which 

then splits into a performance score regression head and a rating classification head.The former 

outputs continuous performance scores 𝑦̂𝑖 , while the latter outputs a probability vector 

indicating the probability of a sample belonging to one of four grades 𝑝̂𝑖. A single regression 

objective tends to bias the model toward the middle range, whereas a single classification 

objective loses the distinction between continuous scores. To balance both types of information, 

this paper employs a joint loss to train the shared representation layer. The overall objective 

function is shown in Equation (5). 

ℒ = 𝜆𝑟
1

𝑁
∑ ℓHuber

𝑁

𝑖=1
(𝑦̂𝑖 , 𝑦𝑖) + 𝜆𝑐

1

𝑁
∑ CE

𝑁

𝑖=1
(𝑝̂𝑖, 𝑐𝑖) + 𝜆𝑔𝛺group + 𝜆𝑤‖𝛩‖2

2 (5) 

where N is the number of training samples,yi is the true performance score, 𝑐𝑖 is the true 

grade label,ℓHuber(·) denotes the Huber loss for the regression head, CE(·) denotes the cross-

entropy loss for the classification head, Ωgroup is the feature set balancing term, 𝛩 is the total 

number of trainable parameters, and λr, λc, λg, and λw are the loss weights.In this paper, we 

set λr = 1.0, λc = 0.6, λg = 0.2, λw =10-4. The feature group balancing term is used to 

prevent the contributions of the five feature categories-teaching, research, student support, 

services, and development-from overly concentrating on a few high-variance metrics in the 

hidden layer representations, thereby reducing the dominance of a single dimension on the 

overall score. 

The training work of the model possesses two stages. Each layer of RBM is first carried out 

pre-training for 60 epochs, with batch size 32, learning rate 0.01, and one-step contrastive 

divergence method being used. Then, this network we fine-tune by Adam at 1×10−3, reaching a 

maximum of 120 epochs, whose batch size is 32, and we perform early stopping after 12 epochs 

that have no improvement. For the purpose of decreasing the influences brought by class 

imbalance, the classification loss is given weights through the inverse frequency of each class. 

After the shared layer, a dropout rate which is 0.2 is applied. 

Compared with the direct use of multi-layer perceptron, the differences of this model are 

mainly manifested in three aspects. First, the input keeps the information of missing states, 

therefore it enables the model to make a distinction between the two kinds of missing values: 

"has not occurred" and "has not been recorded". Secondly, layer-by-layer pre-training can give 

more stable initial expression vectors, hence making it suitable for such tasks as teacher work 

performance assessment, which include strong relevance among variables and middle-sized 

sample quantities. Third, the sharing expression layer between score return and order 

classification keeps continuous performance differences while it increases the identifiability of 

order boundaries. 
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2.3 Experimental Protocol and Evaluation Metrics 

To evaluate the model's applicability in predicting performance scores and classifying grades, 

this study employed stratified sampling based on performance grades and college types, 

dividing the entire dataset into training, validation, and test sets in the proportions of 70%, 15%, 

and 15%, respectively. The test set contains 187 annual faculty performance samples and is 

used solely for reporting final results; the remaining samples are used for parameter selection, 

model training, and validation. In addition to the fixed partitioning, this study conducts five sets 

of experiments with different random seeds to mitigate random fluctuations caused by a single 

partitioning. The corresponding relation among the experimental work flow, contrast models 

and assessment norms is displayed in Figure 3. 

 

Figure 3: Experimental Setup, Comparison Strategy, and Evaluation Protocol 

The comparison models cover three categories of methods: statistical learning, ensemble 

learning, and neural networks. Specifically, they include Linear Regression, Random Forest, 

XGBoost, BP Neural Network, DBN-base, and the DBN-proposed model introduced in this 

paper. Among these, DBN-base retains only the standard DBN backbone and a single regression 

output, without using missing value masking, feature group balancing, or the dual-task head 

structure, to verify the actual contributions of each improvement.The number of trees in the 

Random Forest is set to 300; the maximum depth of XGBoost is set to 6, with a learning rate 

of 0.05; the BP network adopts a three-layer fully connected structure with hidden layer 

dimensions of 128, 64, and 32; for the remaining models, optimal hyperparameters are selected 

on the validation set. 

Prediction performance was evaluated using MAE, RMSE, and R2, while classification 

performance was assessed using Accuracy and Macro-F1. Robustness testing was divided into 

two categories: one involved repeatedly applying random masks at missing rate levels of 0%, 

5%, 10%, 15%, 20%, and 30% to observe the rate of model degradation;the other involves 

creating targeted missing values in specific indicator domains to compare performance changes 
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when key dimensions-such as teaching contributions, research output, and student support-are 

missing. Efficiency analysis records training time, per-sample inference time, and video 

memory usage. 

To identify the roles of each module in the model, this paper conducts four sets of ablation 

experiments. A1 removes the missing value masking and retains only standardized performance 

variables; A2 removes RBM pre-training and replaces it with direct supervised fine-tuning after 

random initialization; A3 removes the binary classification head and retains only the score 

regression task; A4 removes the feature group balancing term to observe whether the hidden 

layer representations are more susceptible to being driven by high-intensity research metrics.All 

ablation experiments maintain the same number of training epochs, batch size, and optimizer 

settings. 

SHAP was used for interpretability analysis to decompose metric contributions on 

representative samples from the test set, and error comparisons were conducted across three 

categories of teachers: teaching-oriented, research-oriented, and balanced-development-

oriented. The experimental environment consisted of Python 3.11, PyTorch 2.2, and CUDA 

12.1, with hardware configuration including an Intel i7 processor, 32 GB of RAM, and an 

NVIDIA RTX 4070 graphics card. 

3 Results and Discussion 

3.1 Overall Evaluation Performance and Baseline Comparison 

Whether a model possesses practical usefulness is primarily determined by its simultaneous 

behaving on both continuous score giving and grade categorization. The whole outcomes of 

diverse methods upon the testing set are displayed in Table 2. 

Table 2: Performance comparison of different models in score prediction and grade 

classification 

Model MAE RMSE R² Accuracy Macro-F1 

Linear Regression 4.82 6.21 0.781 0.748 0.701 

Random Forest 4.36 5.67 0.817 0.781 0.742 

XGBoost 4.08 5.31 0.839 0.802 0.766 

BP Neural Network 3.98 5.19 0.846 0.812 0.775 

DBN-base 3.73 4.88 0.864 0.832 0.798 

DBN-proposed 3.31 4.29 0.895 0.861 0.832 

 

In Table 2, DBN-proposed achieves the best results across all five core metrics, with an 

MAE of 3.31, an RMSE of 4.29, an R² of 0.895, an accuracy of 0.861, and a Macro-F1 of 

0.832.Compared to the standard DBN, its MAE decreased by 11.3%, RMSE decreased by 

12.1%, Accuracy improved by 2.9 percentage points, and Macro-F1 improved by 3.4 

percentage points; compared to XGBoost, which performed most closely, RMSE further 

decreased by 19.2%, and Macro-F1 improved by 6.6 percentage points.These results indicate 

that the nonlinear relationships and missing values in the teacher performance data were not 

fully utilized by traditional ensemble models, whereas the DBN with missing value awareness 

and dual-task outputs can transform this information into more stable decision boundaries. The 

score fitting and calibration relationships are shown in Figure 4. 
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Figure 4: Score fitting and calibration performance 

From Figure 4(a), we can know that most of the test samples are located beside the ideal 

diagonal line, hence the fitting line only possesses a tiny deviation from the reference line. The 

dispersion still remains under control in both the high-score and the mid-to-high-score areas, 

hence this indicates that the decreasing of mean error did not come at the expense of the 

fluctuation of scores. Figure 4(b) furthermore provide demonstration that our proposed DBN 

possesses better calibration effect than the baseline DBN and XGBoost in the interval of 65 to 

90. This advantage is most obviously manifested in the 75–85 interval, where faculty samples 

are most concentrated together and the curve maintains stable without obvious systematic 

overestimation or underestimation. In the assessment of teachers, this calibration feature is 

extremely important hence outcomes are utilized for grade classification and arrangement; a 

continuous change of the central score range would directly affect excellent award and 

performance-related resource allocation. Figure 5 provides the error distributions which are 

present between different sorts of colleges. 

 

Figure 5: Residual distribution by school type 

Figure 5(a) displays that residual concentration of Engineering and Medicine is tighter 
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around zero, Humanities & Social Sciences and Arts & Sports have shown wider distributions 

and a more clear right tail, this hence indicates that overestimation occurs more frequently. The 

average absolute errors are respectively 3.26, 3.38, 3.68 and 4.06. Figure 5(b) further displays 

that Arts & Sports have stronger fluctuation of middle-to-high scores, and Humanities & Social 

Sciences have a partial low-score error that is increased. This difference cannot be explained 

only by the size of the sample. The records of engineering and medicine related domains are 

usually more standardized, while the accomplishments in humanities, arts and sports are more 

heterogeneous and more difficult to uniformly quantify, especially when it comes to curriculum 

formulation, exhibitions, contests, public extension, and item services. Therefore, the model on 

the whole maintains high precision, but the deployment across schools still needs discipline-

related calibration and artificial examination. 

3.2 Scenario Robustness, Ablation, and Efficiency Analysis 

After the overall accuracy has gotten been confirmed, hence it is necessary that we judge 

whether the model still keeps its stability under the situations of incomplete data and structural 

decreases. The connection among data missing situation, metric area changes, and model 

stability is shown in the Figure 6. 

 

Figure 6: Three-dimensional respond surface of robustness under missing data and domain 

perturbation 

Figure 6 shows the three-dimensional response curved surface of missing ratio, feature 

region, and RMSE, and Macro-F1 decrease contour lines are projected on the bottom. When 

the degree of missing data go up from 0% to 15%, the average value of RMSE increase from 

3.92 to 4.36, meanwhile the value of Macro-F1 have a reduction of 2.18 percentage points. The 

surface still keeps comparatively level in this section, hence it shows that missing-value 

covering and layered expression can ease middle-degree data losing. When the missing degree 

arrives at 20% and 30%, RMSE further goes up to 4.72 and 5.05, hence the performance 

declination becomes clearly more quick. 
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The sensitivity has differences among different feature domains. When missingness is at 30 

percent, the value of RMSE achieves 5.26 for Research output and 5.18 for Student support, 

therefore both of these are higher than Teaching contribution (5.02) and Public service (4.87). 

This kind of mode shows that indicators for research and student helping have stronger 

capability to distinguish near the grade dividing lines. When these variables do not exist, the 

model is still able to produce scores, but the stability of boundaries decreases, especially within 

the A/B and B/C transition intervals. Table 3 has reported the module ablation and efficiency 

results, and Figure 7 provides the corresponding visualization content. 

Table 3: Ablation, efficiency, and resource consumption of model variants 

Variant MAE RMSE 
Macro-

F1 

Train time / 

min 

Inference / 

ms 

Memory / 

GB 

DBN-proposed 3.31 4.29 0.832 8.6 6.2 1.48 

A1: no missing mask 3.58 4.61 0.801 7.8 5.7 1.42 

A2: no RBM 

pretraining 
3.67 4.76 0.789 7.2 6.0 1.46 

A3: no classification 

head 
3.52 4.58 0.793 8.1 6.0 1.47 

A4: no group balance 3.61 4.67 0.798 8.4 6.1 1.48 

 

Figure 7: Ablation effects and efficiency frontier 

Figure 7(a) gives a summary of the loss of each ablation in one heatmap. Removing RBM 

pre-training produces the largest decline: RMSE rises from 4.29 to 4.76, up 11.0%, while 

Macro-F1 drops by 4.3 percentage points. This suggests that layer-wise pre-training still 

improves initialization under moderate sample size and strong variable coupling. Removing the 

missing mask raises RMSE to 4.61, indicating weaker distinction between true absence and 

missing record. After removal of the classification head, Macro-F1 falls to 0.793, which shows 

that the grade task still supports the shared representation. Removing the feature-group 

balancing term increases both MAE and RMSE, indicating that over-dominance of high-

variance research features weakens separation of teaching and service contribution. 

Figure 7(b) makes a comparison between performance and computational cost. The 

comprehensive model records 6.2 ms inference time for each single sample, 8.6 min training 
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time, and 1.48 GB GPU memory usage. Comparing with the ablation variant types, the 

inference time only has an increase of 0.1-0.5 ms, therefore error is lower and Macro-F1 is 

higher. To the offline batch evaluation which is like annual faculty assessment, this cost still 

keeps acceptable. The observed increment hence mainly originates from more forceful 

representation study instead of additional deployment load. 

3.3 Error diagnosis, case interpretation, and application implications 

Besides accuracy and robustness, the performance model must solve two additional practical 

problems: which indicators it mainly depends on to give judgments, and how these results are 

combined into the organization's evaluation flow. The contribution of each feature and the 

diagnostic outcome of each case are displayed in Figure 8. 

 

Figure 8: Feature contribution and case diagnostics 

Figure 8(a) displays a heatmap of relative contributions across a representative test sample. 

It can be seen that Peer review score, Student evaluation, Indexed papers, and Research funding 

are the most stable high-contribution features, though they do not vary in the same 

direction.Samples with a clear teaching advantage are typically supported by classroom 

evaluations, peer reviews, and teaching workload; samples with a research advantage are driven 

more by publications, funding, and project records. The model does not reduce all high-scoring 

samples to a single "research-led" or "teaching-led" category, but instead retains multiple 

performance combination pathways in the latent layers. 

Figure 8(b) presents the contribution profiles of three typical faculty categories. In the 

Teaching-led case, Peer review score, Student evaluation, and Teaching hours contribute 3.8, 

3.4, and 2.7 score points, respectively, while Indexed papers and Research funding act as 

negative offset terms; the Research-led case exhibits the opposite pattern, with papers and 

funding contributing 3.6 and 3.2 score points, respectively;In the Balanced case, the distribution 

of contributions is more even, with most features falling between 0.9 and 2.0 score points. This 

outcome shows that the model does not get limited to the linear weight rules that are buried in 

current organization patterns. It maintains the whole score steadiness while it separates the 

explanation roads which are connected to different performance structures. Large-error 

situations are gathered together among teachers having extremely uneven contribution 

situations and places close to grade dividing lines, especially those with powerful research work 
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but insufficient teaching support, or powerful teaching with few research and service materials. 

These samples, when compared with being targets of direct automated grading, are more 

suitably handled as outliers for manual review. Figure 9 is what displays the corresponding 

closed-loop application. 

 

Figure 9: Closed-loop deployment pathway for annual faculty evaluation 

Figure 9 puts the model into the annual evaluation work flow, and forms a closed cycle of 

data updating, model evaluation, abnormal checking, development feedback, and circle 

tracking. This model is not able to take the place of the institutional policy; it makes the 

separated performance records become a verifiable, interpretable, trackable analyzing interface 

that can be checked. For the management personnel, it marks out high-residual and boundary 

cases before the artificial check. As for faculty members, this method finds out specific 

deviations in teaching, research, and service, instead of only giving back a total score. Hence, 

evaluation has a shift which is from one-round confirmation to follow-up that is linked with 

feedback through all cycles. 

4 Conclusion 

This research carries out development and carries out verification for a DBN-founded model 

on yearly teacher work accomplishment assessment. By utilizing identity-removed documents 

from four equal-level undergraduate universities in the period of 2021–2024, it has constructed 

1,248 samples of faculty per year and merged the affairs of teaching, personnel resources, 

management of research, appraisals by students, and service documents into one united 

evaluation space. The experiments concerning score forecasting and rank division prove that 

the steady distinguishing ability exists among different performance structures. 

(1) Annual faculty data were reconstructed at the faculty member-year level. The records 

were reorganized into five dimensions-teaching, research, student support, public service, and 

professional growth-covering 18 secondary indicators and 64 computable variables. Structural 

missingness was separated from record-level missingness, which improves input stability and 

preserves role-specific contribution patterns. 
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(2) The model achieved the best overall results on the test set, with an MAE of 3.31, RMSE 

of 4.29, R2 of 0.895, accuracy of 0.861, and Macro-F1 of 0.832, outperforming Linear 

Regression, Random Forest, XGBoost, BP Neural Network, and standard DBN. Relative to 

DBN-base, RMSE decreased by 12.1% and Macro-F1 increased by 3.4 percentage points. 

Ablation results show that removing RBM pre-training raises RMSE to 4.76, while removing 

the missing mask raises it to 4.61. Under a missing rate increase from 0% to 15%, RMSE 

changes from 3.92 to 4.36, although research-output and student-support variables produce 

larger boundary errors under heavier perturbation. 

(3) The value that the model possesses also lies in the interpretation of obtained results. Peer 

review, student course evaluation, publication output, and research funding still keep relatively 

stable high-contribution variables, hence high scores are achieved via different contribution 

structures. Obvious distinctions exist between faculty who focus on teaching, faculty who focus 

on research, and faculty who pursue balanced development. The present research is still 

restricted to yearly de-identified data and cannot completely consider institutional difference, 

work-type rule alterations, or cross-period renewals. In the future, research work may extend 

this framework by adding longitudinal tracking, job-type adaptive correction, and more 

lightweight deployment schemes. 
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