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Abstract

This study focuses on the performance evaluation of publicly funded agricultural research
projects in a structured tabular-data setting characterized by small sample size and hetero-
geneous features. We construct a project-level performance evaluation dataset covering
24 provincial agricultural research institutions in China, with n = 280 samples. The target
variable is the project self-evaluation score, reflecting overall annual target completion
rather than a fixed explicit transformation of the input indicators. To address the limitations
of manual evaluation—including subjectivity, poor inter-rater consistency, and potential
bias—we propose Light-TabNet, which enhances the model’s fitting capability in small-
sample scenarios while preserving interpretability. Interpretability is achieved through
sparse decision masks and aggregated feature-attribution analysis, with partial cross-model
support from comparison with XGBoost-SHAP rankings. Compared with 13 deep learning
and traditional machine learning baselines, Light-TabNet achieves improved accuracy in
terms of mean absolute error (MAE), root mean squared error (RMSE), and the coefficient
of determination (R?) (MAE 4.9765, RMSE 8.8140, R? 0.8891). In a preliminary real-world
validation on eight projects from a provincial agricultural research institution, the model’s
predicted scores were overall close to ratings provided by a third-party organization, sug-
gesting preliminary practical usefulness in a similar management setting. The results
suggest that Light-TabNet can serve as a decision-support tool for the performance evalua-
tion of publicly funded agricultural research projects by providing an objective, traceable,
and interpretable quantitative reference.

Keywords: performance evaluation; structured tabular data; lightweight deep learning;
TabNet; small sample size; agricultural research; public funding

1. Introduction

Agriculture plays a critical role in ensuring food security, maintaining social stability,
and promoting economic development. Agricultural scientific research, in turn, drives
sustainable agricultural development by fostering innovation and productivity, enabling
societies to better respond to natural and market fluctuations. Public funding constitutes
a substantial proportion of the budget for agricultural R&D projects. With tightened
government debt constraints and expanding public expenditures, the use and effectiveness
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of fiscal appropriations have attracted increasing attention. In this context, governments
aim to improve funding efficiency, strengthen fiscal governance, correct problems in a
timely manner, and enhance accountability by conducting performance evaluations of
publicly funded agricultural R&D projects. However, in many institutions, such evaluation
practices are still at an early stage and leave considerable room for improvement. Reliance
on purely manual evaluation is not only costly but also susceptible to subjective judgment.
Consequently, researchers have begun to leverage machine learning to extract information
from project performance data, enabling effective score prediction and more rational
recommendation of performance indicators.

At present, project performance evaluation is still dominated by manual (expert-based)
review. For example, the Standard Evaluation Process of the European Union’s Horizon
Europe involves independent expert assessment [1]; the U.S. National Science Foundation
(NSF) typically relies on 3-10 external experts through ad hoc reviews, panel reviews, or a
combination of both [2]; in the United Kingdom, funding decisions of the Medical Research
Council (MRC) are made by integrating external reviewer comments with the deliberations
of research councils and expert panels [3]; the Australian Research Council (ARC) assigns
assessors to provide scores and incorporates bias-testing procedures in the peer-review
process [4]; and Japan’s JST SATREPS collects evidence through research reporting meetings
and site surveys, and reaches conclusions via external expert review meetings [5]. Nev-
ertheless, manual-dominant evaluation often suffers from strong subjectivity, insufficient
inter-rater consistency, vulnerability to bias and conflicts of interest, and high labor costs,
making it difficult to meet institutional goals of transparency, standardization, and scien-
tific rigor. These governance-oriented requirements also imply a corresponding technical
demand: a practical evaluation model should not only provide sufficiently accurate score
prediction, but also remain traceable, robust under small-sample heterogeneous tabular
data, and usable in routine management settings with incomplete indicators.

To mitigate these issues, prior studies have attempted to introduce structured eval-
uation methodologies. Garefalakis et al. proposed a contextualized ESG-BSC integrated
model for small municipalities [6]; Shim and Kim used the analytic hierarchy process (AHP)
to weight and prioritize multi-domain indicators for local fiscal investment projects [7]; and
Shin et al. applied data envelopment analysis (DEA), complemented by Tobit regression,
to assess government expenditure efficiency [8]. However, these approaches still face
practical limitations. In BSC/ESG settings, indicator specification and weight assignment
remain highly dependent on manual design. AHP fundamentally relies on expert pairwise
comparisons, so the resulting weights are sensitive to subjective judgment and the consis-
tency of comparison matrices. DEA, although useful for relative efficiency assessment, may
lose discriminative power when the number of indicators is large relative to the number of
evaluated projects, because many decision-making units can appear similarly efficient near
the frontier; its results may also be sensitive to variable specification and measurement
noise. These issues are particularly relevant in real-world project performance datasets that
are small in sample size, heterogeneous in indicator composition, and partially incomplete.

In recent years, deep learning models for structured tabular data have developed
rapidly, leading to a series of methods that can effectively model feature interactions and
achieve strong performance on public benchmarks (e.g., NODE, TANGOS, TabM, and Mam-
bular) [9-12]. However, applying these models to performance evaluation of agricultural
R&D projects still presents several challenges. First, there is a lack of publicly available
real-world datasets with relatively consistent definitions and measurement criteria, which
hinders rigorous evaluation. Second, under small-sample and high-dimensional conditions,
both machine learning and deep learning models may exhibit degraded predictive per-
formance. Third, if a model outputs only predicted scores without interpretable evidence
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on feature contributions, it is difficult to support downstream decisions such as indicator
design and weight adjustment. Among deep tabular models, TabNet is attractive because
it combines competitive predictive modeling with built-in feature-selection masks that can
provide step-wise interpretability. However, the original TabNet architecture was not specif-
ically designed for small-sample project-evaluation scenarios with heterogeneous indicators
and partial missingness. This motivates a lightweight and more stable adaptation.

Accordingly, this study is guided by three research questions: (RQ1) Can a lightweight
TabNet-based model achieve more accurate score prediction than representative machine-
learning and deep tabular baselines on a small-sample agricultural R&D project dataset?
(RQ2) Can the model provide interpretable feature-attribution evidence that is useful for
understanding score formation and informing indicator-system refinement? (RQ3) Does
the proposed approach show preliminary usability in a real-world management scenario
beyond the development dataset?

To address these challenges, this study proposes a performance evaluation approach
for publicly funded agricultural research projects. Specifically, we: (i) construct a project-
level evaluation dataset covering multiple provincial agricultural research institutions in
China and develop a dedicated preprocessing and standardization pipeline; (ii) propose
Light-TabNet, which improves predictive performance for project evaluation scores; and
(iii) leverage the built-in interpretability mechanism of Light-TabNet to explain why projects
receive specific scores and to provide actionable recommendations for subsequent indicator-
system design.

This paper is organized as follows. Section 1 presents the background and contri-
butions. Section 2 introduces the dataset and preprocessing pipeline, and then describes
the proposed Light-TabNet together with its interpretability formulation for indicator
recommendation. Section 3 provides comprehensive evaluations, including benchmark
comparisons, ablation, interpretability results, and an external validation in a real manage-
ment scenario. Section 4 concludes the study and outlines limitations and future directions.

2. Experimental Setup and Data
2.1. Overall Experimental Workflow

Figure 1 summarizes the overall workflow of our study for data-driven score predic-
tion and indicator-design recommendation in support of performance evaluation tasks
for publicly funded agricultural research projects. The pipeline consists of three stages:
(i) public data collection and preprocessing, (ii) predictive model implementation and opti-
mization, and (iii) interpretability analysis and indicator recommendation based on Light-
TabNet.

2.1.1. Stage 1: Data Preparation

We first collect publicly available data and construct the dataset through cleaning
and preprocessing.

2.1.2. Stage 2: Model Development

We then propose and integrate two improved modules within the TabNet framework—
Tabular Dynamic Tanh Layer (TabDyT) and Light Feature Transformer (LightFT)—and
demonstrate the reliability of our Light-TabNet model through comparative experiments
and ablation studies.
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2.1.3. Stage 3: Interpretation and Recommendation

Finally, by using Light-TabNet’s native capability to aggregate feature contributions
across different decision steps, we obtain the model’s overall feature importance and then
provide recommendations for future indicator design.

Funding-normalized
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features

Final dataset(280 x17, with Y))
Light-TabNet regression
(TabDyT + LightFT)
Predicted score ¥

Model training & evaluation
(prediction)
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Sparsemask interpretation (step
aggregation Magg)

Global importance ranking &
indicator recommendation

Interpretability analysis &
indicator recommendation

Publicly disclosed
data from institutional
websites

Public data collection & preprocessing

Figure 1. Overall workflow of this study.

2.2. Public Data Collection and Preprocessing

The data used in this study are obtained from publicly disclosed performance-
evaluation information of agricultural research projects released on the official websites
of provincial agricultural research institutions in China. After collecting the raw samples,
we manually verified each record and removed entries that were evidently low-quality or
violated common sense. To address inconsistencies in indicator definitions across institu-
tions, we standardized semantically similar indicators and merged their quantities, thereby
forming a unified indicator system.

For feature construction, the dataset contains 280 project samples. The input consists
of 17 performance-evaluation indicators, and the output is the project self-evaluation score
(Y). The 17 input indicators cover research outputs (e.g., publications, patents and software
copyrights, standards and protocols, and new varieties/technologies/devices), platform
and base construction, talent cultivation and academic exchange, awards, fund execution
ratio, technology demonstration and dissemination, as well as achievement transformation,
and beneficiary satisfaction. To mitigate scale differences induced by varying project
budgets, all indicators are normalized by project funding and converted into the number of
outputs per 100,000 CNY of funding.

Different projects may emphasize different indicators, and some indicators are miss-
ing for certain samples. In this study, we interpret missing indicators as the project not
specifying or not emphasizing the corresponding assessment dimension, and we apply
zero imputation to keep the modeling pipeline simple and consistent. Considering that
some models are sensitive to feature scales, after zero imputation and funding normaliza-
tion, we further standardize all input features to improve training stability and enhance
comparability across models.

Regarding variable distributions, several indicators exhibit pronounced right-skewness
and long-tail behavior, i.e., a small number of projects take substantially large values on
some indicators after normalization; the fund execution ratio is generally high with rela-
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tively low dispersion; and indicators related to technology demonstration, dissemination,
and achievement transformation show higher dispersion, reflecting more substantial het-
erogeneity across project types in the “extension/transfer” dimension. We also conducted
correlation analysis and found that overall linear correlations between feature pairs are
weak, with no clustered high-correlation structure observed. This suggests a limited
risk of severe pairwise multicollinearity; therefore, we retain the complete feature set for
subsequent modeling, prediction, and interpretability analysis.

2.3. Model Training and Evaluation

Prior studies have shown that TabNet, an interpretable deep model for tabular
data, has been applied to tasks such as insurance risk/pricing prediction, software
cost estimation, and analysis of accident risk factors for agricultural machinery vehi-
cles, and has demonstrated competitive performance in both predictive accuracy and
interpretability [13-15].

Motivated by these findings, we adopt TabNet as the backbone and propose a
lightweight variant, Light-TabNet, tailored to the project-performance regression setting
characterized by “small samples + missing features”, and use it for subsequent experimen-
tal evaluation.

Light-TabNet consists of three components: (i) the TabNet decision—-mask backbone
(retaining the sequential decision process and sparse instance-wise feature selection to
preserve interpretability); (ii) TabDyT (replacing the input BN to improve training stability
under small batch sizes); (iii) LightFT (lightweighting the feature transformation module to
reduce parameter count and alleviate overfitting risk in small-sample regimes).

2.3.1. TabNet

In the project performance evaluation task, it is necessary to capture nonlinear rela-
tionships between input features and project scores while maintaining a certain degree of
interpretability. TabNet [16] is a deep model designed for tabular data, achieving inter-
pretability via sequential decision steps and sparse feature-selection masks, and has shown
competitive results on multiple tabular benchmarks. However, under the small-sample
and partially missing feature conditions considered in this study, directly using the default
TabNet configuration yields suboptimal performance (see Section 3).

2.3.2. Tabular Dynamic Tanh Layer (TabDyT)

In small-sample tabular settings with small batch sizes, input Batch Normalization
(BN) relies on batch statistics and may introduce batch-to-batch fluctuations, thereby
impairing training stability. To address this issue, we introduce a per-feature dynamic
hyperbolic activation layer, TabDyT, at the input of TabNet. TabDyT is a variant of Dynamic
Tanh (DyT) [17] adapted to tabular inputs, and is used to replace BN.

Given an input x € RF*4, the forward computation of TabDyT is

TabDyT(x) = x + 7y ®tanh(a ©x) + B, 1)

where &, y, B € R? are learnable per-feature parameters, and ® denotes element-wise mul-
tiplication.

Functionality and properties: (i) no batch statistics: the behavior is consistent between
training and inference, avoiding variance fluctuations caused by small batches; (ii) bounded
nonlinear squeezing: tanh(-) suppresses extreme values and is approximately linear near
the origin; (iii) per-feature adaptivity: , 7, B enable feature-wise scaling and shifting; (iv)
identity approximation and stable gradients: the residual path x preserves an information
highway, facilitating an initial near-identity mapping and stable optimization.
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In implementation, TabDyT is introduced specifically as a replacement for the input
Batch Normalization used in the original TabNet encoder, while the remaining backbone
structure and hyperparameter settings are kept unchanged. Therefore, the comparison
between TabNet and TabNet + TabDyT in the ablation study is intended to isolate the effect
of replacing the original input BN with TabDyT under the same architectural setting.

2.3.3. Light Feature Transformer (LightFT)

In TabNet, the feature transformer is typically composed of several sub-blocks shared
across decision steps and several decision-step-dependent sub-blocks, stacked together to
enhance the model’s representation capability for complex tasks. However, in small-scale
tabular-data scenarios, excessively deep transformation stacks may introduce too many
parameters and thus increase the risk of overfitting.

To reduce model complexity while retaining the essential gating and feature-
transformation capabilities, we propose LightFT, which keeps only one shared sub-block
and one decision-step-dependent sub-block. Both sub-blocks adopt a sequential FC-GBN-
GLU structure (FC: fully connected layer; GBN: Ghost Batch Normalization; GLU: Gated
Linear Unit). A scaled residual connection is introduced within the decision-step-dependent
sub-block, and an additional FC layer is appended at the end to linearly recombine the
learned feature representations. Without altering the original decision—-mask mechanism of
TabNet, this design reduces the transformation depth and parameter scale, thereby alleviat-
ing the risk of overfitting under small-sample settings. To make this lightweight claim more
explicit, the trainable parameter counts of different ablation variants are quantitatively
reported in Section 3.

The structure of the proposed Light Feature Transformer is illustrated in Figure 2.

Shared across decision steps Decision step dependent

FC GBN H GLU FC GBN H GLU ]—-(% FC }—»
0

Figure 2. Light Feature Transformer (LightFT).

2.3.4. Light-TabNet Architecture
The overall architecture of Light-TabNet is illustrated in Figure 3.

Light
Feature

Transformer

Light Light
Mask Feature Mask Feature
Transformer Transformer
Split Attentive Attentive
PY Transformer Transformer

9 S

Figure 3. Overall architecture of Light-TabNet. TabDyT replaces input BN; per decision step uses a

|

»f }

lightweight feature transformer (LightFT) and an attentive transformer with sparse instance-wise
masks, whose contributions are aggregated to form the final regression output.
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The model consists of multiple decision steps executed sequentially.

Given an input sample, Light-TabNet first applies TabDyT at the input stage to perform
per-feature dynamic scaling and nonlinear compression. This operation does not rely on
batch statistics, which helps mitigate fluctuations under small-batch training and enables
feature-wise adaptation. The resulting representation serves as the unified input to the
subsequent decision process.

Each decision step involves the following components. First, the information passed
from the previous step is fed into the Attentive Transformer, which constructs a sparse set
of feature weights via an attention mapping with a prior factor. A sparse normalization
strategy is employed to ensure that the model focuses only on the most relevant features.
Next, the input features are reweighted by this mask. One part of the mask is directly
accumulated into the feature contribution scores to quantify feature importance at the
current step, while the other part selects candidate features that are forwarded to LightFT.
LightFT adopts a lightweight feature transformation module to extract the higher-order
representations required for decision making. The output of LightFT is then split into
two branches: one branch is activated by ReLU, accumulated into the overall decision
vector, and mapped to the final prediction through a fully connected layer; the other
branch is propagated as the input to the next decision step. Meanwhile, the ReLU-activated
outputs at all steps are also aggregated into the feature contribution scores to produce the
global explanation.

In addition, before the first decision step, the input features undergo an initial LightFT
preprocessing and splitting operation to initialize the decision chain and the accumulation
of feature contributions.

Through this step-wise decision process, Light-TabNet not only outputs the final
performance score prediction but also provides the relative contributions of each feature to
the evaluation for individual samples.

2.4. Interpretability Analysis and Indicator Recommendation

Light-TabNet employs a sparse feature selection mechanism and outputs feature
attribution values. As shown in Figure 3, for any sample b, at the i-th decision step,
the attentive module produces a feature mask M [i], where M, ;[i] denotes the relative
contribution weight of the j-th feature to sample b at this step. When Mj, j[i] = 0, the j-th
feature can be interpreted as making no contribution to the decision at this step. The mask is
normalized along the feature dimension, so M [i] can be viewed as the “relative dependency
strength on each feature” at step i.

Because different decision steps may contribute unequally to the final output, the step-
wise masks should be aggregated with appropriate weights. Light-TabNet introduces a
decision-step contribution coefficient #,|i]:

Ny

(il = ;ReLU(db,c [i]), )

where d;, .[i] is the c-th component of the decision representation at step i, and Ny is the
dimensionality of the decision representation. Intuitively, if the decision representation
at a step is overall negative (and thus truncated by ReLU), that step should contribute
zero to the final linear combination; a larger 7, [i] indicates a higher weight of step 7 in the
final prediction.

Accordingly, we define the aggregated feature-importance mask across decision

steps as
N, steps

Magg-b,j = ;1 Ub[i] Mb,j [i]/ 3)
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and further normalize it to obtain the global relative contribution:

Nsteps . .

i Ticr el Myl
agsb) = D < Nsteps [ o
Yim1 Xy 1uli] Myli]

(4)

Here, M[i] reflects the feature-selection process of “step-wise decision making”, whereas
Magg (or its normalized form) characterizes the overall feature dependency structure
after cross-step aggregation, thereby providing a traceable basis for explaining the
model outputs.

After obtaining feature contributions, we further use them for recommending
performance-indicator selection. On the one hand, we analyze Magg over historical projects
to derive an overall importance ranking of indicators. On the other hand, we identify
specific indicators that exhibit high local contributions only for certain project samples,
thereby providing evidence for indicator specification in future projects of similar types.

3. Experimental Results and Analysis

This section evaluates the proposed Light-TabNet on the public agricultural R&D
project dataset. We first describe the experimental setup, including the hardware/software
environment, data split protocol, and evaluation metrics. We then compare Light-TabNet
with representative deep tabular models and conventional machine learning baselines
under the same preprocessing and evaluation pipeline. Next, we conduct an ablation
study to quantify the contributions of TabDyT and LightFT. Finally, we present inter-
pretability results based on the sparse decision masks and report a real-world external
validation to demonstrate practical applicability. Unless otherwise specified, baseline meth-
ods are run using the recommended/default settings of their public implementations to
ensure reproducibility.

3.1. Experimental Environment and Settings

All experiments were conducted on Ubuntu 24.04 with an Intel i5-8500 CPU, an RTX
5080 GPU (16 GB VRAM), and 24 GB RAM. The software environment includes Python
3.10.18, PyTorch 2.9.0, and CUDA 12.8.

The dataset was randomly split into training and test sets with an 8:2 ratio, and the
same split was used for all compared models to ensure fairness. To prevent data leakage,
preprocessing operations such as standardization were fitted only on the training set,
and the learned transformations were then applied to the test set. In addition, to provide a
more robust evaluation under the small-sample setting, we further conducted a five-fold
cross-validation study with unified randomized search for representative conventional
machine-learning baselines, as reported in Section 3.5.

3.2. Evaluation Metrics

The performance of our model was evaluated using the following four metrics: mean
absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), and the
coefficient of determination (R?). Lower MAE/MSE/RMSE and higher R? indicate bet-
ter performance.
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3.3. Comparison of Deep Learning Models

We compared Light-TabNet with recent deep models designed specifically for tabular
data, including Mambular [12], TabM [11], ResNet [18], NODE [9], MLP [19], Tangos [10],
and ModernNCA [20]. All baselines were run using the default configurations of their
public implementations. The results are reported in Table 1. On this small-sample dataset,
Light-TabNet achieves the best performance across all four metrics (MAE, MSE, RMSE,
and R?). Compared with the strongest deep-learning baselines (NODE yields the best MAE,
while Tangos yields the best MSE/RMSE/R? among baselines), Light-TabNet reduces
MAE by 23.12%, reduces MSE by 41.93%, reduces RMSE by 23.79%, and increases R? by
0.0800. These results indicate that, relative to heavier deep tabular models evaluated in
this study, the streamlined design of Light-TabNet is more suitable and effective under the
small-sample setting.

Table 1. Performance comparison of deep tabular models (MAE, MSE, RMSE, RZ; | indicates lower is
better and 1 indicates higher is better).

Model MAE | MSE | RMSE | R% 1
Mambular 9.0835 171.1310 13.0817 0.7557
TabM 9.5316 169.3347 13.0129 0.7583
ResNet 10.1438 203.4583 14.2639 0.7096
NODE 6.4731 138.5717 11.7716 0.8022
MLP 8.8383 153.3830 12.3848 0.7811
Tangos 8.2383 133.7740 11.5661 0.8091
ModernNCA 6.8336 157.4229 12.5468 0.7753
Light-TabNet (Ours) 4.9765 77.6874 8.8140 0.8891

3.4. Comparison of ML Models

We further compared Light-TabNet with commonly used conventional machine learn-
ing methods, including Linear Regression, Decision Tree, Random Forest, K-Nearest Neigh-
bors (KNN), XGBoost [21], and LightGBM [22]. All models were implemented using
Scikit-learn [23] or their official implementations, and the data split and evaluation protocol
were identical to those in the previous subsection. As shown in Table 2, Light-TabNet
consistently outperforms all classical baselines across the four metrics. Compared with the
strongest conventional baseline, XGBoost, Light-TabNet reduces MAE by 15.08%, reduces
MSE by 21.60%, reduces RMSE by 11.46%, and increases R? by 0.0305. Although traditional
methods are often robust in small-sample regimes, the proposed lightweight optimizations
enable Light-TabNet to surpass these conventional models under our evaluation setting.
This performance provides preliminary empirical support for applying Light-TabNet as a
decision-support tool in project performance evaluation tasks.

https:/ /doi.org/10.3390/app16073230
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Table 2. Performance comparison between conventional machine learning models and Light-TabNet
(MAE, MSE, RMSE, RZ; | indicates lower is better and 1 indicates higher is better).

Model MAE | MSE | RMSE | R? ¢

Linear Regression 10.9696 352.1820 18.7665 0.4973
Decision Tree 7.7863 203.4067 14.2621 0.7097
Random Forest 6.5418 126.2367 11.2355 0.8198
KNN 7.9352 224.7696 14.9923 0.6792
XGBoost 5.8602 99.0921 9.9545 0.8586
LightGBM 7.4194 114.8720 10.7178 0.8360
Light-TabNet (Ours) 4.9765 77.6874 8.8140 0.8891

3.5. Robustness and Fairness Analysis

To further examine the sensitivity of the results to missing-value handling, as well as
the robustness of the proposed method and the fairness of baseline comparisons under the
small-sample setting, we conducted two additional analyses: (1) a sensitivity analysis of
different imputation strategies, and (2) a five-fold cross-validation study with a unified
randomized-search protocol for representative conventional machine-learning baselines.

3.5.1. Sensitivity to Imputation Strategies

Because the dataset contains a non-negligible proportion of missing indicators, we
further compared four imputation strategies, namely zero, mean, median, and KNN
imputation. Table 3 reports the corresponding R? results for several conventional machine-
learning models. The results show that the best imputation strategy is model-dependent,
indicating that the influence of missing-value handling is non-negligible. However, for the
two strongest tree-based baselines in our experiments, namely XGBoost and LightGBM,
zero imputation achieves the best R? among the compared strategies.

Table 3. R? comparison of conventional machine-learning models under different imputation strategies.

Model Zero Mean Median KNN
Linear Regression 0.4973 0.4374 0.0889 0.5091
Decision Tree 0.7097 0.7038 0.5514 0.7503
Random Forest 0.8198 0.8267 0.8130 0.7599
KNN 0.6792 0.5059 0.5427 0.5474
XGBoost 0.8586 0.8364 0.8109 0.8184
LightGBM 0.8360 0.8102 0.8135 0.7644

From a task-semantic perspective, this observation is also consistent with the policy
background of the dataset. In practical project evaluation documents, only the major
indicators emphasized by a given project are typically listed explicitly. Therefore, for some
indicators, non-reporting may partly reflect that the corresponding assessment dimension
was not highlighted in that project, rather than purely random missingness. Under this
interpretation, zero imputation avoids introducing artificial indicator values that may not
belong to the project’s actual assessment focus, whereas mean or median imputation may
inject population-level values into project-specific indicator profiles. KNN imputation
may better exploit local similarity across projects, but on this small and heterogeneous
dataset, its empirical advantage is not consistently observed. Overall, the sensitivity
analysis suggests that zero imputation is not only aligned with the task semantics of project-
performance reporting, but also remains empirically competitive, especially for strong
tabular baselines such as XGBoost and LightGBM. Therefore, we retain zero imputation in
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the main experiments while explicitly acknowledging that alternative imputation strategies
may still be worth exploring in future work.

3.5.2. Five-Fold Cross-Validation with Unified Randomized Search

To obtain a more robust and reliable comparison under the small-sample setting,
we further evaluated several representative machine-learning baselines using five-fold
cross-validation and a unified randomized-search protocol. The results are summarized in
Table 4 in the form of mean = standard deviation. Compared with the results obtained from
a single 8:2 split, the cross-validation results are overall more conservative, which suggests
that the performance estimates from a single partition may be affected by partition-specific
variation. Nevertheless, Light-TabNet still achieves the best average performance among
the compared models across all four metrics, with an MAE of 5.7300 & 0.6338, an MSE of
88.4510 = 43.1257, an RMSE of 9.1900 + 2.2344, and an R? of 0.7771 4= 0.0943.

Table 4. Five-fold cross-validation results with unified randomized search (mean =+ standard deviation;
1 indicates lower is better and 1 indicates higher is better).

Model

MAE |

MSE |

RMSE |

R? 4

Decision Tree
Random Forest
KNN

XGBoost

LightGBM
Light-TabNet (Ours)

7.3813 + 1.0221
6.5627 £ 0.8614
7.0719 + 0.7887
6.0729 £+ 1.0966
6.4174 + 1.3011
5.7300 £ 0.6338

171.2960 + 56.1543
106.8092 £ 32.7939
139.3577 £ 15.4909
98.0508 £ 30.7189
105.8683 + 40.2812
88.4510 + 43.1257

12.9347 + 2.2335
10.2446 + 1.5238
11.7901 + 0.6637
9.8007 + 1.5798
10.1297 + 2.0176
9.1900 =+ 2.2344

0.5050 + 0.2274
0.7086 +£ 0.0678
0.6020 £ 0.1112
0.7022 + 0.1551
0.6819 + 0.1879
0.7771 + 0.0943

These results indicate that the superiority of Light-TabNet is not solely dependent
on one favorable random split, but can still be observed under a more robust evalua-
tion protocol with repeated training and testing. This additional analysis is intended to
provide a more robust comparison under a unified evaluation protocol, rather than an
exhaustive hyperparameter-optimization benchmark for all competing methods. A broader
hyperparameter-benchmarking study with larger search spaces and more repeated trials
remains an important direction for future work.

3.6. Ablation Study

In order to better understand the impact of the proposed improvements, we conducted
an ablation study using four configurations on the same dataset. Specifically, we evaluated:
(i) the baseline TabNet; (ii) TabNet with LightFT; (iii) TabNet with TabDyT; and (iv) the
full Light-TabNet combining both LightFT and TabDyT. The results are reported in Table 5.
Notably, since the original TabNet uses Batch Normalization at the encoder input, the
comparison between TabNet and TabNet + TabDyT can be interpreted as a controlled
substitution experiment between the default input BN and the proposed TabDyT, with the
rest of the architecture kept unchanged.

Table 5. Ablation study results of Light-TabNet; | indicates lower is better and 1 indicates higher is
better.

Model Params MAE | MSE | RMSE | R? ¢

TabNet 9.834 K 6.317 112.275 10.596 0.8398
TabNet + LightFT 4.829 K 6.524 110.614 10.517 0.8421
TabNet + TabDyT 9.885 K 5.810 89.888 9.481 0.8717
Light-TabNet (Ours) 4.829 K 4.976 77.687 8.814 0.8891
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Test sample

Feature

As shown in Table 5, the full Light-TabNet achieves the best results across all metrics
while maintaining a relatively small parameter count. Compared with the baseline TabNet,
introducing LightFT reduces the number of trainable parameters from 9.834 K to 4.829 K,
which supports the lightweight design claim. Although TabNet + LightFT alone yields
only limited performance improvement, it substantially reduces model complexity. By
contrast, TabNet + TabDyT increases the parameter count only marginally (from 9.834 K
to 9.885 K) but improves all evaluation metrics, suggesting that TabDyT mainly enhances
optimization stability rather than increasing model capacity. When both components are
combined, Light-TabNet attains the best predictive performance with only 4.829 K trainable
parameters, indicating that the observed gain is not merely due to a larger model size, but to
the effectiveness of the proposed architectural modifications under the current setting.

3.7. Feature Interpretability

As illustrated in Figure 4, the model exhibits clear sparse feature-selection behavior at
each decision step: only a limited subset of features becomes salient for certain samples,
while the remaining features are largely suppressed at that step. This indicates that Light-
TabNet does not rely uniformly on all indicators; instead, it forms a traceable decision path
through sequential feature selection.

TabNet Feature Masks (brighter = higher importance)
M[1] M[2] M[3]

Feature Feature Feature Feature Feature

Figure 4. Visualization of feature-mask interpretability in Light-TabNet. Each row corresponds to
a test sample, and each column corresponds to an input feature; brighter colors indicate a higher
relative contribution (mask weight) for that feature in the given sample. The left panel shows the
aggregated global importance Magg across decision steps; the five panels on the right show the
instance-wise masks at decision steps 1-5, respectively.

From the aggregated mask M,gg, two broad patterns can be observed. First, features
that remain relatively bright across many samples may reflect a more general dependence of
the model on these indicators. Second, features that become salient only for a limited subset
of samples may capture conditional effects associated with specific project contexts or sub-
types. Together with the step-wise masks M|i], these results provide an interpretable view
of how feature usage evolves from earlier coarse screening to later fine-grained refinement.

Based on the global ranking in Figure 5, the model assigns relatively high importance
to both research-output indicators and process-management indicators. For example, “new
varieties /technologies /devices” and “publications” are among the most influential output-
related features, while “fund execution ratio” also receives a high importance weight.

To provide a cross-model interpretability reference, Table 6 compares the top-ranked
features identified by Light-TabNet with their corresponding ranks in the mean absolute
SHAP ranking of an XGBoost model. The comparison shows partial consistency across
model families. In particular, three indicators, namely “fund execution ratio”, “publica-
tions”, and “new varieties/technologies/devices”, were consistently ranked among the top
contributors by both methods, although their exact ordering differed. Moreover, several

"o

additional indicators, such as “patents & software copyrights”, “reports/research/material
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collection/tests”, “talent cultivated /introduced”, and “standards/protocols/systems”, also
appeared at relatively high positions in both rankings. These overlaps provide convergent
evidence for a small set of core indicators in the current dataset.

Top-10 Feature Importance (Light-TabNet)

New varieties/technologies/devices (count) 22.777
Publications (count)

Fund execution ratio

Patents & software copyrights (count)

Academic exchanges (count)

Experimental bases & demonstration sites (count)
Reports/research/material collection/tests (count)
Talent cultivated/introduced (count)

Standards/protocols/systems (count)

Databases built (count)

0 5 10 15 20 25
Aggregated feature importance (Magq)

Figure 5. Top-10 feature importance ranked by the aggregated mask Mgy of Light-TabNet.

Table 6. Cross-model comparison of top-ranked features between Light-TabNet and XGBoost-SHAP.

ID Light-TabNet Rank SHAP Rank Shared Top-10 Feature Name

8 1 3 Yes New varieties/technologies/devices (count)

5 2 2 Yes Publications (count)

18 3 1 Yes Fund execution ratio

6 4 7 Yes Patents & software copyrights (count)

15 5 13 No Academic exchanges (count)

10 6 11 No Experimental bases & demonstration sites (count)
11 7 6 Yes Reports/research/material collection/tests (count)
12 8 10 Yes Talent cultivated /introduced (count)

7 9 9 Yes Standards/protocols/systems (count)

9 10 15 No Databases built (count)

At the same time, noticeable discrepancies remain for several mid-ranked and lower-
ranked features. For example, Light-TabNet assigns relatively higher importance to “aca-
demic exchanges” and “experimental bases and demonstration sites”, whereas XGBoost-
SHAP gives more weight to “service recipient satisfaction”, “achievement transformation
contracts”, and “technology demonstration/promotion/guidance”. A plausible expla-
nation is that, although all samples belong to agricultural R&D projects, the dataset still
contains heterogeneous project subtypes, such as basic research, breeding, pest-control
studies, technology extension, and talent-oriented projects. Under such heterogeneous
conditions, some fine-grained performance indicators may be more sensitive to specific
project categories, which can lead to differences in feature ranking across models. As the
sample size increases and project-type annotation becomes more refined in future work, it
may become possible to conduct stratified modeling or subgroup interpretability analysis
at a finer granularity, thereby enabling more precise examination of indicator weights and
functional roles across different types of agricultural R&D projects.
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Overall, the mask-based ranking of Light-TabNet is better interpreted as a traceable,
model-based interpretability result that provides exploratory evidence on potential indica-
tor relevance, rather than as a definitive policy-priority ranking. The partial agreement with
XGBoost-SHAP suggests that several core indicators may have relatively stable importance
in the current dataset, while the remaining discrepancies indicate that feature-importance
rankings should be interpreted with caution in the absence of further expert validation or
stability analysis.

3.8. Real-World External Validation

To further examine the practical applicability of Light-TabNet, we conducted a real-
world external validation using eight agricultural R&D projects (anonymized as A-H)
from a provincial agricultural research institute. Importantly, these validation cases were
drawn from the institute’s 2024 performance-evaluation cycle, whereas the model in the
previous sections was trained and tested on publicly collected 2023 project data. Therefore,
the external-validation set does not overlap with the training or test data used in the
main experiments.

Although the institutional context is similar to that of the main dataset, this setting is
still meaningful for practical validation. The purpose of this experiment is not to demon-
strate broad cross-domain generalization, but to assess whether the learned mapping
between project performance indicators and final evaluation scores can remain usable in a
temporally independent yet realistically relevant management scenario. In addition, these
eight projects were not arbitrarily selected cases; rather, they correspond to the complete
set of agricultural R&D projects of that institute in 2024. Under the local budgeting and
project-management framework, these eight major projects were formed by aggregating
128 sub-projects. Thus, the validation reflects the annual performance output of an entire
institute rather than a few isolated cases.

For each project, we compared the score predicted by Light-TabNet with the score
assigned by a third-party evaluation organization. The project-wise comparison is shown in
Table 7. To provide a more rigorous quantitative assessment, we further computed several
error-based statistics. Across the eight projects, MAE, MSE, and RMSE were 2.9838, 15.0627,
and 3.8811, respectively, while the mean bias was 0.9762, indicating that the predictions
were overall close to the third-party ratings.

Table 7. Project-wise comparison and absolute error (0-100 scale).

Project Third-Party Score Light-TabNet |A|
A 99.00 98.82 0.18
B 95.00 97.87 2.87
C 99.00 96.57 243
D 90.00 98.76 8.76
E 95.00 95.39 0.39
F 99.00 96.01 2.99
G 91.89 95.71 3.82
H 100.00 97.57 243

From the perspective of practical agreement, 75.0%, 87.5%, and 100.0% of the projects
fell within tolerance intervals of £3, £5, and +10 points, respectively. Moreover, for 7 out
of the 8 projects, the absolute error was below 4 points, suggesting that the predicted scores
were generally close to the third-party ratings. The only relatively large deviation occurred
in Project D, with an absolute error of 8.76 points. After case inspection, this discrepancy
appears to be associated mainly with score deductions related to budget-preparation
compliance rather than with poor completion of performance targets themselves. This
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result suggests that the proposed model captures the relationship between performance
indicators and evaluation scores reasonably well, while also indicating that some institution-
specific scoring factors beyond indicator completion may still affect the final rating.

Overall, this external validation provides preliminary evidence that Light-TabNet
has practical potential in real agricultural research-management scenarios. At the same
time, the sample size remains limited, and the validation cases come from a similar insti-
tutional setting. Therefore, these findings should be interpreted cautiously as an initial
real-world feasibility check rather than definitive proof of broad external generalizability.
Future work will further extend the validation to larger-scale, multi-institutional, and
cross-regional datasets.

4. Conclusions

In this study, we proposed a project performance evaluation method named Light-
TabNet, which integrates TabDyT and a lightweight feature transformer within TabNet.
This method employs a per-feature Dynamic Tanh activation in place of input batch nor-
malization, alleviating small-batch instability and facilitating stable optimization. By
incorporating a lightweight feature transformer composed of one shared and one decision-
step—dependent FC-GBN-GLU block into the TabNet backbone, it improves the modeling
of nonlinear interactions under limited data compared to selected baselines. Furthermore,
the model preserves instance-wise sparse decision masks, which maintain the interpretabil-
ity of feature selection during prediction. Experimental results demonstrate that the
Light-TabNet model proposed in this paper is more capable of capturing complex rela-
tionships in agricultural R&D project data compared to other models, producing higher
predictive accuracy.

Despite these promising results, several limitations remain. Our dataset currently
contains 280 valid samples and is skewed toward traditional research-oriented projects,
with relatively limited coverage of technology transfer and talent development, which
may constrain the learning and interpretation of such patterns. In addition, the proposed
model should be viewed as a decision-support tool rather than a replacement for expert-
based evaluation, especially in practical settings where institution-specific rules, contextual
judgments, and governance considerations remain important. Moreover, residual miss-
ingness and bias may still affect model performance even after manual screening, and the
use of default hyperparameters for some baselines may underestimate their fully tuned
upper bounds.

In future work, we will further expand the dataset in both scale and project-type
diversity, and perform validation across multiple institutions and regions to better assess
the generalizability of the proposed approach. We will also conduct more systematic
robustness analyses under alternative preprocessing strategies. In addition, we plan to carry
out broader comparative benchmarking under more harmonized hyperparameter tuning
budgets to provide a fairer assessment of model performance across competing methods.
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