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ABSTRACT: Student-supervisor relationships (SSR) play a central role in postgraduate training, academic
development, and research well-being. In the context of the rapid expansion of Chinese graduate education,
understanding mentorship quality has become increasingly important for both educational governance and student
development. However, prior SSR studies have often relied on small-scale surveys, context-specific qualitative
evidence, or linear analytical approaches, which limits their ability to capture heterogeneous, non-linear, and
system-level patterns across institutions and disciplines. To address this gap, we propose Interpretable Mentorship
Analytics (IMA), a scalable analytical framework built on large-scale anonymous student evaluations. First, we
construct a multi-platform dataset of anonymous supervisor evaluations and transform unstructured review text into
structured mentorship indicators through a preprocessing and LLM-assisted feature engineering pipeline. Second, we
employ gradient-boosting models, including XGBoost, LightGBM, and Gradient Boosting, to model the relationship
between mentorship-related features and overall evaluation outcomes. Third, we apply explainable machine learning
methods, particularly SHAP and LIME, to identify global feature importance, local decision patterns, and non-linear
interactions among mentorship dimensions. The results show that IMA can effectively uncover the key drivers
of mentorship satisfaction, especially the central role of teacher-student relationship quality, while also revealing
substantial heterogeneity across regions, institution types, and disciplines. By combining large-scale anonymous
evaluations with interpretable predictive modeling, this study provides a transparent and data-driven framework for
understanding SSR and offers empirical evidence for improving postgraduate supervision and educational policy.

KEYWORDS: Student-Supervisor Relationship (SSR); Anonymous Faculty Evaluations; Machine Learning (ML);
Explainable Data Analysis; Chinese Higher education; Shapley Additive exPlanations (SHAP); Local Interpretable
Model-agnostic Explanations (LIME)

1 Introduction

With the rapid growth of graduate education as the primary engine for cultivating high-level
researchers, it occupies a distinct and critical position within the academic ecosystem that differs
fundamentally from the undergraduate experience [1,2]. In this advanced stage, the educational focus
shifts from broad curricular instruction to specialized, personalized research training. Beyond the mere
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transmission of knowledge, student-supervisor relationship (SSR) fundamentally shapes a student’s
development of research interests and career paths [3-5].

Substantial related research indicates that positive SSR are strongly correlated with timely doctoral
degree completion and higher research achievements [6-8]. For faculty, engaging in effective mentorship
can enhance their own professional satisfaction and leadership skills, creating a reciprocal cycle of academic
development [5,9]. Moreover, from a systemic perspective, high-quality mentorship strengthens the entire
research ecosystem by promoting innovation, sustaining academic values, and building an inclusive and
resilient scholarly community [10,11]. In summary, a constructive SSR not only fosters psychological
well-being but also significantly enhances research productivity and academic persistence [12].

The Chinese mentorship dynamic is evolving rapidly under the ‘high-quality talent development’
national policies [13]. To accelerate the reform and development of graduate education, China has
witnessed a substantial expansion in graduate enrollment alongside significant increases in government
research funding!. Over the past decade (2014 to 2023), China’s annual enrollment of new Master’s
students grew markedly from approximately 540,000 to nearly 1.1 million. Simultaneously, doctoral student
enrollment also experienced robust growth, rising from around 70,000 to about 150,0002. These changes have
democratized access to postgraduate education [8,12], allowing a growing students number to transition
from undergraduate studies to advanced research periods, thereby supplying the human capital necessary
for the nation’s innovation-driven growth.

A China’s postgraduate enrollment expansion (2014-2025)
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Figure 1: China’s postgraduate education expansion and its relationship to mentorship. National enrollment of
Master’s & doctoral students increases markedly from 2014 to 2025 (per year), reported by official statistics®, reflecting
the rapid scale-up of graduate education.

Fig. 1 shows that the growth is not incremental; it is sustained over time and reaches a new scale by
the mid-2020s. As cohorts become larger, effective supervision becomes harder to deliver through informal
effort alone, and universities must rely more on the quality and stability of SSR to maintain research training
standards.

However, this rapid expansion has created serious challenges for the sustainability of the academic
environment. A key issue lies in the unique power dynamics, i.e., a ‘one-vote veto’ power, where supervisors
often hold sole authority to decide a student’s graduation [14]. A fundamental structural divergence exists
between undergraduate education, an open, institutionalized system safeguarded by curricula and collective
assessment, and postgraduate education, which whereas relies heavily on a supervisor’s personal decisions

This expansion is driven by explicit national policies issued by China’s Ministry of Education: http://www.moe.gov.cn/srcsite/
A22/s7065/202009/t20200921_489271.html.

These statistics are sourced from the National Education Statistics Bulletin issued by the Ministry of Education of China,
accessible at: http://www.moe.gov.cn/srcsite/A03/s180/moe_633/201508/t20150811_199589.html.
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[15]. As a result, the graduated mentorship becomes a ‘black box” with highly concentrated power and a

lack of oversight [16].

Table 1: Representative methods of SSR research and their corresponding key limitations.

Methods

Typical approach and focus

Main limitation for system-level governance

Survey evidence in China [12,17]

National large-scale surveys [8]

Measurement instruments [15]

Qualitative typologies [16]

Social network analysis [18,19]

Experience sampling / diary
studies [20,21]

Computational text and digital
trace analysis [22,23]

Longitudinal or cross-sectional surveys linking SSR
qualities (e.g., reciprocity, trust) to well-being and
experience

Macro-models connecting support, resources, satisfaction,
and productivity

Validated questionnaires for supervisory interaction and
alliance

Interviews and thematic analyses describing supervision
styles and perceived impacts

Mapping supervisory ties and lab-level relational structures
to identify central actors and support flows

High-frequency tracking of day-to-day supervisory
interactions and emotional responses over time

Mining emails, feedback text, or platform interactions to
detect relational patterns and power asymmetries

Limited coverage across institutions and
labs; sensitive responses may be biased

Often emphasise average linear effects;
limited visibility into non-linear patterns
Provide measurement, but not a scalable
analytical mechanism for complex feature
interplay

Strong interpretability =~ but lacking
scalability; difficult to generalize across
settings

Captures structure, but governance
implications ~ remain  indirect  and
context-dependent

Rich temporal detail, but costly and difficult
to scale across institutions

Raises privacy concerns; difficult to validate
and translate into actionable governance

However, evaluating mentorship relationships remains a challenging task in practice. Traditional
evaluation methods often rely on limited surveys or qualitative feedback, which may not fully capture the
complexity and variability of mentorship interactions across different institutions and disciplines. Although
the education and higher-education literature has extensively discussed SSR, as shown in Table 1, most
studies still rely on qualitative interviews, small-sample questionnaires. Alternatively, these studies are
context-specific field investigations that focus on broadly describing supervisors’ behaviors, communication
patterns, and relational types. For example, some studies use qualitative designs to examine how supervisory
communication affects doctoral development, but their samples are typically limited and their perspectives
are constrained by local settings [9]. Other work relies on regional questionnaire surveys to characterize
interaction features, yet the resulting conclusions are difficult to generalize to wider and more diverse
educational environments [13]. Moreover, while many empirical studies [4] report associations between
mentorship quality and outcomes such as research motivation and learning engagement, these analyses
often use conventional statistical models.

Also, conventional questionnaire data are vulnerable to social-desirability pressures and self-protective
responding during data collection, especially when the topic is sensitive and respondents worry about
reputational or third-party consequences [24]. A large methodological literature shows that respondents
may underreport undesirable experiences, overreport desirable ones, or avoid disclosure altogether [25].
Therefore, existing research [2,26] has not yet established a systematic framework that can operate on
large-scale, multi-dimensional data to uncover hidden mechanisms and key drivers in mentorship dynamics.

To address these limitations, we propose an interpretable machine-learning framework for reseaching
SSR, Interpretable Mentorship Analytics (IMA). We leverage large-scale anonymous evaluations and
explainable models to discover implicit relationships and non-linear patterns in mentorship data, and
we quantify how specific features contribute to overall evaluation outcomes. We use gradient-boosting
models [27-29] to learn predictive mappings between multi-dimensional evaluation features and overall
mentorship outcomes, and we then apply explainable machine learning methods to open the “black box”
and quantify how each feature contributes to the predicted results. In particular, we use SHapley Additive
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exPlanations (SHAP)* [30] and Local Interpretable Model-Agnostic Explanations (LIME)® [31] to provide
global and local explanations, which aligns well with the broader movement of explainable Al in educational

analytics.
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Figure 2: Overview of the proposed IMA workflow, consistsing of four sequential stages. (1) Data acquisition and

preprocessing; (2) LLM-based feature engineering; (3) Machine learning predictive modeling; and (4) Explainable Al
and interpretability of the black-box models using LIME and SHAP.

Specifically, we construct an end-to-end workflow (as shown in Fig. 2) that integrates data collection,
preprocessing, feature extraction, and ML/AI explainable model-based analysis, enabling the investigation
of SSR beyond small-sample surveys or linear statistical assumptions. The data are collected from multiple
public online supervisor-evaluation platforms® and rigorously cleaned by removing duplicates, merging
reviews referring to the same mentor, and excluding records outside the Chinese academic system, resulting
in a high-quality, multi-institution dataset that spans diverse disciplines and regions.

Based on the structured evaluation indicators, we employ gradient-boosting models, including XGBoost
[27], LightGBM [29], Gradient Boosting [28] and so on, to predict overall mentorship outcomes from
multi-dimensional features describing guidance intensity, power constraints, and support conditions. These
models allow us to capture complex non-linear dependencies among mentorship characteristics that are
difficult to identify using conventional approaches. To ensure transparency and analytical interpretability,
we further apply SHAP and LIME to decompose model predictions and quantify the contribution of
individual features at both global and local levels. The findings of this study are expected to provide
practical insights for improving mentorship evaluation systems, supporting institutional decision-making,
and promoting more transparent and effective student-supervisor interactions.

Overall, this work, i.e., the proposed IMA framework, makes three contributions.

1. First, we propose IMA as an integrated framework that combines large-scale anonymous evaluation
data with interpretable machine learning for SSR analysis.

2. Second, we provide a scalable data pipeline that transforms public anonymous reviews into structured
mentorship indicators across institutions, regions, and disciplines.

4 More details about SHAP is available at: https://shap.readthedocs.cn/en/latest/.

> More details about LIME is available at: https://lime-ml.readthedocs.io/en/latest/.

Data was collected from various Graduate Students’ Evaluation and Rating of Supervisors in Chinese universities, such as
using the website ‘Rate Your Supervisor’ (https://www.ratemyprofessors.com/ [Accessed on 2025.12]). All Sensitive Personal
Information Has Been Anonymized.
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3. Third, we show that explainable predictive modeling can reveal non-linear feature importance,
interaction effects, and heterogeneous mentorship patterns beyond what conventional descriptive or
linear approaches typically provide.

Methodological Motivation. Prior limitations in SSR research arise from at least three distinct sources
[24,32]. First, sensitive supervisor-related questions may induce social desirability bias or self-protective
responding during data collection [24]. Second, many existing studies rely on relatively small or
context-specific samples, limiting cross-institutional generalizability [10]. Third, even when larger datasets
are available, conventional linear or descriptive methods may have limited ability to identify non-linear
dependencies, interaction effects, and heterogeneous evaluation mechanisms [11].

In this study, these limitations are addressed through different components of our IMA framework.
The use of large-scale anonymous evaluations mainly helps mitigate the first two issues by broadening
empirical coverage and reducing response inhibition. The interpretable machine learning component is
designed to address the third issue by modeling and explaining complex relationships among mentorship
dimensions.

It should be noted that this study adopts a data-driven, quantitative analytical perspective. While
mixed-method approaches are valuable for in-depth contextual understanding, they are often constrained
in scalability and standardization when applied to large-scale evaluation data. Given the scale and structure
of the dataset used in this study, a machine learning-based approach is more suitable for identifying
generalizable patterns, modeling complex relationships, and ensuring analytical consistency.

Accordingly, the innovation of IMA lies not in claiming that explainability solves response bias, but in
integrating anonymous large-scale data with interpretable predictive modeling into a unified analytical
framework. Compared with prior studies on student-supervisor relationships, the novelty of this study
does not lie in proposing a completely new machine learning algorithm. Rather, it lies in the integration
of four elements that are rarely combined within a single SSR research framework. This study: (i) brings
SSR research into a large-scale anonymous evaluation data setting, (ii) establishes a pipeline from raw
evaluation information to structured mentorship indicators, (iii) applies explainable non-linear models to
identify complex mechanisms and heterogeneous effects, and (iv) connects the findings to governance- and
policy-oriented applications.

2 Related Works

Student-supervisor relationships (SSR) have been widely studied in postgraduate education because
they are closely linked to doctoral progress, and students’ well-being[6,12,32]. Unlike the unidirectional or
co-constructive knowledge transmission in undergraduate classes, graduate students face the challenge of
independent knowledge creation, where they must navigate intellectual struggles and funding uncertainties
often in isolation [15,16]. Thus, the SSR becomes a critical partnership that influences doctoral satisfaction,
productivity, and socialization [1,8,17].

Table 1 summarizes representative methods of the SSR research and their limitations. In the Chinese
graduate-education ecosystem, SSR has attracted increasing attention due to hierarchical supervision
structures and strong advisor-centered authority [2,13]. Several studies have used questionnaire surveys to
examine how SSR qualities such as reciprocity, trust, and perceived support relate to students’ academic
experience and psychological well-being [4,12]. These surveys provide direct evidence from students’
perspectives and highlight that mentorship problems are not only individual issues but may reflect
broader institutional conditions. These survey designs, however, can be shaped by social desirability
and the sensitivity of questions about supervision and authority, which may distort students’ self-reports
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[24,25]. Beyond single-region studies, large-scale datasets have been used to connect supervisory support,
academic resources, satisfaction, and productivity outcomes [8]. Such work is valuable for identifying
broad associations at the population level [1,3]. A long-standing line of research has developed validated
measurement tools to quantify supervisory interaction and relationship quality. For example, structured
instruments have been proposed to assess supervisory behaviors, communication patterns, and alignment
between supervisors and doctoral students [15,33]. Best-practice syntheses further consolidate actionable
guidance on supervision processes and relationship management [7]. Qualitative research has also
contributed important insights by using interviews and thematic analysis to describe supervision styles and
students’ perceived impacts [9,17]. Such studies are particularly useful for understanding power relations,
expectations, and relational dynamics that may not be captured by standard questionnaires [17].

Some researchers have introduced social network analysis to study mentorship as part of a broader
relational structure. Network methods can map supervisory ties and identify central actors or resource flows
within academic environments [18,19]. Empirical work on evolving networks provides methodological
grounding for analyzing how academic relationships change over time [22]. Recent studies [34,35]
demonstrate the effectiveness of explainable Al in educational prediction tasks, which aligns with the
motivation of this work. Experience sampling and diary studies offer another perspective by measuring
supervision as a repeated daily process rather than a single retrospective evaluation. Such designs can
capture feedback cycles, emotional responses, and interaction intensity over time [20,21]. With increasing
digitization of academic communication, computational approaches have explored the use of digital traces,
such as communication records, to study evolving relational patterns [23].

Overall, prior SSR research [7,9,18,21] has produced valuable descriptive evidence through surveys,
measurement instruments, qualitative typologies, and emerging computational approaches. However, there
is still a lack of a unified framework that can analyze large-scale, multi-dimensional mentorship evaluations
while remaining interpretable for educational researcher. This motivates this paper’s contribution
of Interpretable Mentorship Analytics (IMA), which leverages large-scale anonymous evaluations and
explainable machine-learning models [30,31] to uncover non-linear patterns and key drivers underlying
mentorship outcomes.

Existing studies on student-supervisor relationships have provided important insights, but they
often rely on relatively limited samples, qualitative observations, self-reported survey instruments, or
descriptive statistical analyses. In contrast, our study contributes a more integrated analytical perspective
by combining large-scale anonymous evaluation data, structured feature construction, predictive modeling,
and explainable analysis within a unified framework. Overall, the advancement of this work lies in
methodological integration and analytical depth, rather than in the introduction of a standalone novel
algorithm.

3 Datasets and Methods

This section focuses on how the raw anonymous review data are processed and transformed into
a structured and analyzable mentorship dataset. The goal is to establish a reliable empirical foundation
for the subsequent descriptive and model-based analyses. We present the construction of the dataset and
the methodological pipeline up to the generation of structured and analyzable mentorship indicators, as
depicted in Fig. 3. In contrast to traditional small-sample surveys or interview-based studies, our dataset
is derived from large-scale, publicly accessible and anonymous student-generated reviews collected from
multiple Chinese online supervisor-evaluation platforms. We then transform heterogeneous, unstructured
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The Data Processing Pipeline of IMA From Anonymous Mentorship Reviews to Structural Insights

Figure 3: Overview of the data collection and processing steps of IMA data pipeline, which focuses on stages (1)—(3):
multi-platform review collection, deduplication/merging/filtering, and LLM-ensemble-based feature engineering.

text into standardized, machine-readable mentorship features via a rigorous preprocessing pipeline and an
LLM-ensemble aspect-rating procedure designed to mitigate model-specific bias and hallucination.

3.1 Study Design Overview

As shown in Algorithm 1, the overall workflow of Interpretable Mentorship Analytics (IMA) consists
of four sequential stages: (1) large-scale data acquisition from public anonymous review platforms; (2) data
cleaning, normalization, and entity consolidation; (3) LLM-ensemble-driven feature engineering to convert
narrative reviews into comparable mentorship indicators; and (4) predictive modeling and explainable
analysis using machine learning and XAI techniques (reported later in Section 4). This section covers stages

(1), (2), and (3).

3.2 Data Sources and Acquisition

We collected anonymous student reviews were collected from multiple public online
supervisor-evaluation platforms widely used in the Chinese higher-education ecosystem, including: (i)
Master and Doctoral Supervisor Evaluation Site 7 (fill {# 5 i % f %0), (ii) Rate Your Supervisor
Site® (M SFER), (iii) Zhihu® (51°F), and (iv)Realm of Research '° (fff#%), research-oriented online
communities where supervisor experiences are posted and openly discussed.

The reviews were posted between Fall 2020 and Spring 2025, covering approximately five years. The
initial crawl produced approximately 55,200 raw review entries referencing about 17,333 unique mentors.
These reviews span a wide range of university tiers, academic disciplines, and geographical regions,

7 Doctoral Supervisor Evaluation Site (il {5 Jfi#-41 F)): http://www.daoshipingjia.org/.
Rate Your Supervisor Site (5:Jifi 5.1 M)): https://www.rateyoursupervisor.com/Professor.
®  Zhihu (F17F): https://www.zhihu.com/.

10 Realm of Research (W4%): https://www.rateyourprofessor.com.cn/.
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Algorithm 1 Procedures of Dataset Construction and LLM-Ensemble Feature Engineering

Require: Public reviews; aspect set .A; LLM set M
Ensure: Structured dataset D

1: Collect and normalize public reviews

2: Filter to Chinese academic context

3: Deduplicate and consolidate mentor entities

4: for each review do

5 for each model m € M do

6: Extract aspect ratings with evidence

7 end for

8 Aggregate ratings and estimate uncertainty
9: end for

0: Output D

—_

RuteYourSupervisor 3% MER

WEAT ==

M—RRF

IR FlEE

=
"

e Internet
* | Download

(1). Chinese Online Supervisor E> (2). Detailed Anonymized Review Text from (3). Collected for these evaluation
-Rating Website (DataSource) Students for Supervisor dataset and Structured storage

Figure 4: Illustration of the public data acquisition process (example platform view — anonymized review text —
structured storage). All personal identifiers are masked; displayed content is illustrative.

providing the heterogeneity necessary for large-scale statistical and machine-learning analyses. The overall
data acquisition process is illustrated in Fig. 4.

Acquisition procedure.

We implemented a structured and reproducible data collection process:

1. Query expansion: for each platform, we iteratively queried by university name,
school/department keywords, and mentor identifiers (when present).

2. Canonical capture: we stored each review with platform identifier, review text, timestamp,
university/school mentions, and any available structured fields (e.g., star ratings where provided).

3. Reproducibility: all intermediate snapshots were stored with versioning to support later auditing
of the cleaning and merging steps.

Because the topic involves sensitive mentorship relationships, we adopt a privacy-preserving and
harm-minimizing approach: (1) For public-only and minimality principle, we only used reviews that
were publicly accessible and did not require user authentication or disclosure of personal information.
We collected the minimal information necessary for research aims: review text, coarse affiliation cues
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(university/department), and timestamp. (2) For anonymization and de-identification, all sensitive personal
information (e.g., student identifiers, contact details, lab addresses, or uniquely identifying narratives) was
removed or masked during preprocessing. When mentor names appear in raw text, we store them as hashed
identifiers for deduplication/merging; they were not included as modeling features.

All results are reported at aggregated levels (e.g., distributions by discipline or province), and no claim
is made about any specific identifiable individual. We additionally avoid releasing raw text at scale; if
examples are shown, they are paraphrased or templated. Moreover, due to the cognitive bias, user-generated
online reviews may be subject to selection bias (e.g., extremes more likely to post) and strategic reporting.
To reduce the impact of spurious content, we incorporate multiple quality-control steps (duplicate detection,
plausibility filters, and ensemble scoring), which is described below.

3.3 Data Preprocessing and Quality Control

As shown in Fig. 5, the goal of preprocessing is to produce a high-quality dataset of reviews that
are (i) relevant to the Chinese academic system, (ii) non-duplicative, (iii) linkable to a mentor entity for
aggregation, and (iv) suitable for aspect-based feature extraction.

Filtering to the Target Academic Context. We restrict the dataset to mentors affiliated with
institutions in Mainland China, Hong Kong, Macau, and Taiwan. Reviews referring to institutions outside
these regions were excluded to ensure consistency in institutional norms, funding structures, and mentorship
expectations.

Duplicate Removal and Record Consolidation. Online platforms may contain duplicate or
near-duplicate entries due to reposting, mirror pages, or repeated submissions. We remove duplicates using
a multi-signal strategy:

' Duplicate Removal Procedures

«  Exact duplicate detection: identical review text (after normalization) with the same platform and
timestamp.

«  Entity-key matching: same university, sub-unit (school/department), mentor name string (before hashing),
and high textual similarity above a threshold.

«  Near-duplicate text similarity: cosine similarity in a sentence-embedding space for suspected duplicates
with minor edits (e.g., punctuation changes).

After deduplication, we consolidate multiple reviews referring to the same mentor by creating a
mentor-level container that stores all associated reviews and metadata. This supports later aggregation (e.g.,
mean/median aspect scores per mentor) and robustness checks (e.g., variance across reviewers).

Content Normalization and Noise Filtering. Then, we normalize review text to improve
downstream parsing and reduce noise: To ensure uniform text representation and facilitate reliable
downstream processing, we performed content normalization on all review texts, which involves converting
diverse characters to a consistent standard and normalizing punctuation marks.

After filtering, deduplication, and consolidation, we obtained 16,484 valid review entries, covering
more than 10,000 mentors from over 50 Chinese universities. This processed dataset is stored in a structured
tabular format (CSV/Excel) for modeling.
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Figure 5: Workflow for preprocessing mentor review data. The pipeline (1) filters reviews by region, (2) deduplicates
entries using multiple signals, (3) normalizes text and removes noise, (4) consolidates reviews per mentor, and (5)
applies final quality and privacy controls.

3.4 Metadata Enrichment: Gender, Geography, and Discipline

We enrich the dataset with coarse-grained metadata that supports stratified analyses without requiring
personally identifiable information.

Content Normalization and Noise Filtering Procedures

«  Firstly, in order to eliminate the interference caused by character encoding and formatting
differences, we standardized all the comment texts by converting them to Unicode and removing
punctuation marks.

«  Secondly, considering that the data source might contain simplified and traditional Chinese
characters, we carried out language consistency processing, converting all the texts into simplified
Chinese to maintain the consistency of the language style.

«  To enhance the quality and relevance of the dataset, we implemented irrelevant content filtering.
Specifically, we removed empty comments, extremely short ones (less than 5 characters), and
those that were clearly unrelated to the topic of mentor evaluation (such as advertisements or
completely off-topic texts), ensuring that the subsequent analysis focused on valid mentorship
information.

«  Finally, considering strict ethical and research standards, we conducted content security and
privacy screening to block the explicit personal identifiers (such as specific names, contact
information, and addresses) in the text.

Firstly, we infer mentor gender only when feasible using name-based gender prediction models
and linguistic priors for Chinese names. Because name-based inference can be uncertain (e.g., unisex
names, transliterations), we attach a confidence score to each inferred label, assign an "Unknown" category
when the confidence falls below a predetermined threshold, and strictly limit the use of gender labels to
aggregate-level comparisons and robustness checks.

Then, we map each mentor to a province-level location based on the university affiliation stated in the
review (or platform metadata when available). When affiliation is ambiguous or missing, we mark location
as Unknown and exclude such records from location-specific plots.

Next, based on department and school information, mentors are classified into ten broad disciplinary
categories: Engineering; Information Technology; Medicine & Life Sciences; Natural Sciences; Social Sciences
& Humanities; Agriculture & Environmental Sciences; Business & Management; Law & Public Affairs; Art &
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Design; and Education. This taxonomy enables field-level comparisons and controls for discipline-specific
mentorship norms.

3.5 LLM-Ensemble Feature Engineering for Aspect-Based Ratings

A core challenge is converting free-form narrative reviews into consistent mentorship indicators across
platforms. We therefore perform aspect-based sentiment extraction and rating using an ensemble of large
language models (LLMs), which is shown in Fig. 6. It is designed to reduce single-model bias and mitigate
hallucination risk.

For each review, we extract ratings on a 0-5 ordinal scale (higher is better). We additionally use a
special label —1 to indicate Not Applicable / Not Enough Evidence when the text does not provide sufficient
information. The aspects include mentor—student relationship quality, student prospects, financial support,
supervisor professional ability, project/task orientation, and work-life or lifestyle practices.

Because single-model extraction can suffer from systematic biases (instruction-following quirks,
cultural priors, calibration drift) and occasional hallucinations. To improve reliability, we use multiple
LLM families and aggregate their outputs: (1) OpenAI GPT 5'1, (2) Alibaba Qwen 2.5'%, (3) Meta Llama
313, (3) Google Gemini 2.5'*. Each model independently produces a structured JSON containing: aspect
ratings, short evidence snippets (verbatim spans from the review), and a confidence score per aspect. We
then compute a consensus rating per aspect via robust aggregation.

To ensure standardized and reliable outputs across different model queries, we employ a constrained
prompting template. This template provides clear definitions for each evaluation aspect along with anchor
examples corresponding to scores of 0, 3, and 5. It also enforces a strict evidence requirement, mandating
that the model must cite the supporting phrase(s) from the input text; if no supporting evidence is found, it
must output a value of -1. Finally, all outputs are required to adhere to a specified JSON schema, which
enforces fixed key names and ensures all numerical ratings fall within predefined bounds.

Aggregation, Uncertainty, and Bias Mitigation. Let ri()zo
i on aspect a. The final rating 7i, a is computed through a robust multi-step procedure. First, we discard

be the rating given by model m for review

any model output that violates the prescribed JSON schema or lacks the required evidence spans. Second,
if fewer than a threshold number K (e.g., K = 3) of valid model outputs remain, we assign 7i,a = —1 for
that review-aspect pair. Third, when sufficient valid outputs exist, we compute 7; , as the trimmed mean or
median across the ensemble models, and record the dispersion (e.g., median absolute deviation or variance)
as an explicit uncertainty indicator.

To further mitigate systematic errors and maintain construct validity, we incorporate lightweight,
targeted manual checks into the pipeline. This involves performing stratified sampling to randomly select
reviews from each major platform and discipline category. For each sampled review, we conduct checklist
validation to verify that the assigned aspect ratings logically align with the cited textual evidence and that
the —1 code is correctly applied when evidence is genuinely absent. It is important to note that these human
checks are not intended to label the entire dataset, but rather to provide a periodic sanity check that ensures
the automated feature-engineering pipeline remains aligned with the intended theoretical constructs.

' OpenAl GPT 5: https://chat.chatbot.app/gpt5.

2 Alibaba Qwen 2.5: https://chat.qwen.ai/.

Meta Llama 3: https://ai.meta.com/blog/meta-llama-3/.
Google Gemini 2.5: https://gemini.google.com/.
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Figure 6: LLM-ensemble aspect rating. Each review is scored independently by multiple LLMs using a shared schema;
outputs are validated and aggregated into final aspect indicators with uncertainty estimates.

Final Structured Dataset’>. After preprocessing and LLM-ensemble feature engineering, each record
contains:

The Records of Preprocessed Dataset

+  identifiers: platform info, anonymous mentor info, and review info. And all text are de-identified review
contents;

«  metadata: timestamp, university, province (if available), discipline, inferred gender (optional with
confidence);

«  aspect indicators: 7;, € {—1,0,1, 2,3, 4, 5} for each aspect a;

Lastly, this structured dataset serves as the input to the machine-learning predictive models and
explainable analyses presented in Section 4.

4 Experimental Procedures

This section explains how the proposed IMA framework transforms the structured dataset into
predictive and interpretable evidence. We first define the learning task and target variables, then describe
the modeling pipeline, and finally introduce the explainable machine learning techniques used to interpret
the prediction mechanisms. Specifically, building on the structured dataset introduced in Section 3, we
use our proposed novel multi-scenario explainable Al framework, i.e., Interpretable Mentorship Analytics

1> All preprocessing and annotation steps are publicly accessed at Github: https://github.com/SmileHappyEveryDay/tutor-

evaluation-data-analysis. All publicly released data and codes adhere to platform terms and ethical standards.
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(IMA), to systematically investigate mentorship dynamics and uncover interpretable patterns in large-scale
mentorship evaluations.

Given the large-scale anonymous evaluation dataset used in this work, a machine learning-based
approach is more suitable for identifying generalizable patterns, modeling complex relationships, and
ensuring analytical consistency. This methodological choice allows us to focus on systematic pattern
extraction and mechanism-oriented interpretation at scale.

Our approach aims to (i) learn predictive mappings between multi-dimensional mentorship indicators
and overall mentorship outcomes, and (ii) provide theoretically grounded and transparent explanations
of these predictions through explainable artificial intelligence (XAI) techniques. Rather than relying on a
single experiment, our work treats explainability as a multi-dimensional analytical process, where different
scenarios correspond to different scientific questions about mentorship evaluation mechanisms.

4.1 Task Definition and Learning Setup

First, we formulate the analysis as a supervised learning problem. Each instance corresponds to
either: (1) a review-level instance, representing an individual student’s evaluation; or (2) a mentor-level
instance, obtained by aggregating multiple reviews associated with the same supervisor.

Let D = {(x;, 1)}, denote the processed dataset, where x; € R? represents the feature vector
associated with the i-th review (or mentor-level aggregate), and y; € R denotes the corresponding overall
mentorship outcome.

Each feature vector is defined as x; = [x,-,l,xl-,z, s x,-,p], Its features correspond to LLM-extracted
mentorship indicators (e.g., teacher—student relationship, professional ability, financial support), optionally
augmented with contextual metadata such as discipline, institution tier, or geographic location.

The prediction target y; is the overall evaluation score, derived from explicit platform ratings or from
aggregated satisfaction indicators when explicit scores are unavailable. The primary focus of this study
adopts a regression formulation to preserve fine-grained variation in student perceptions.

The learning objective is to estimate a predictive function f : R? — R, such that y; = f(x;),
approximates the observed outcome y; with minimal prediction error under a chosen loss function.

4.2 Data Partitioning and Modeling Preprocessing

Before model training, we apply a standardized preprocessing pipeline for modeling!®:

Modeling Standardized Preprocessing Pipeline

1.  Missing values: Aspect scores marked as —1 (insufficient evidence) are treated as missing. Tree-based
models handle these natively; for robustness checks, missingness indicators are optionally included.

2. Categorical variables: Discipline, institution tier (985/211/Double Non-first-class), and region are
encoded using one-hot or ordinal encoding depending on the model.

3.  Train & test split: Data are split into training and test sets, with stratification by institution tier and
discipline where applicable.

16 All experiments are repeated across multiple random seeds to ensure result stability.
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4.3 Predictive Modeling with Gradient-Boosting Methods

To capture complex and non-linear relationships between mentorship characteristics and evaluation
outcomes, we employ a suite of machine-learning models, with a focus on gradient-boosting-based methods:
(1) XGBoost [27], (2) LightGBM [29], (3) Histogram-Based Gradient Boosting [36], and (4) Classical Gradient
Boosting Decision Trees (GBDT)"’.

Modeling rationale. Gradient-boosting models are particularly suitable for this task because they
can handle heterogeneous feature scales and missing values, capture high-order non-linear interactions,
and integrate seamlessly with SHAP-based explanation frameworks.

These models estimate the prediction function as an additive ensemble of K regression trees:

K
f&) =) vehi(x), (1)

k=1

where: hi(-) denotes the k-th decision tree, y is the corresponding tree weight, and K is the total number
of trees in the ensemble.

This formulation enables the modeling of high-order feature interactions while remaining compatible
with additive explanation methods. Hyperparameters are tuned using validation sets, and early stopping is
employed where supported.

4.4 Our Proposed Novel Interpretable Mentorship Analytics (IMA) Framework

In this study, “interpretable” does not mean that the underlying predictive model is inherently
transparent. Instead, we adopt high-performing tree-based ensemble models and use post-hoc explainability
techniques to interpret their decision logic. Therefore, interpretability here refers to the ability to explain:
(i) which mentorship-related features most strongly influence the predicted overall evaluation, (ii) whether
their effects are positive, negative, linear, or non-linear, and (iii) how such effects vary across instances and
contexts.

As we know, predictive accuracy alone is insufficient for understanding mentorship dynamics. We
therefore integrate explainable Al techniques to interpret both global trends and local behaviors. To interpret
the predictions of non-linear ensemble models, we integrate two complementary explainability techniques:
SHapley Additive exPlanations (SHAP) for global interpretability and Local Interpretable Model-Agnostic
Explanations (LIME) for local, instance-level analysis.

4.4.1 Global Explanations and Local Analysis

To comprehensively interpret model predictions from both holistic and individual perspectives, we
adopt a multi-scale interpretability framework centered on SHAP and supplemented by LIME. This
framework integrates the strengths of global and local analyses, aiming to reveal both general patterns and
specific mechanisms underlying student evaluations.

For global explanation, it assists in identifying the core, universal drivers in mentorship quality. Global
analysis aims to answer the question: "Which factors most significantly influence satisfaction across all
evaluations?" We achieve this by aggregating SHAP values across the entire sample:

17" Classical Gradient Boosting Decision Trees (GBDT): https://github.com/yarny/gbdt.



Rev Int Metod Numer. 2026 15

+ Feature Importance Ranking: The mean absolute SHAP value for each feature j is computed as:
I = % YN, 14;(x;)|. This yields a robust ranking of feature importance, quantifying the average
contribution of each dimension to overall satisfaction.

« Global Dependency Relationships: Using SHAP summary plots and dependence plots, we visualize
the overall relationship between feature values and their impact on predictions.

For local analysis, it helps to understand the heterogeneity of evaluations and identify special cases
that deviate from general patterns. Local explanations focus on specific cases, addressing questions such
as "Why did a particular student give this evaluation?" or "How was a specific supervisor’s overall rating
formed?" We employ two methods for local interpretation:

« Instance-Specific SHAP Values: For any given sample x;, its SHAP decomposition f(x;) = ¢¢ +
Zle #j(x;) clearly illustrates how each feature "pushes"” the prediction away from the baseline ¢y,
thereby explaining the source of that specific prediction outcome.

« LIME Algorithm: For complex cases requiring an alternative or more intuitive explanation, we use
LIME to construct an interpretable local surrogate model (e.g., a sparse linear model) around the
prediction point. It approximates the black-box model’s behavior locally and provides linear feature
coefficients.

Overall, through this integrated framework that combines global and local perspectives, it reveals not
only macro-level patterns but also provides deep insights into micro-level individual cases. Thus, we can
systematically deconstruct the "black box" of supervisor evaluations, thereby laying the foundation for
subsequent multi-scenario analysis.

4.4.2 SHAP: Global and Consistent Feature Attribution

SHAP is grounded in cooperative game theory and attributes a model’s prediction to individual input
features by computing their Shapley values. For a given instance x, the SHAP value of feature j is defined
as:

poo= Y SEFIZSIZ o R, @

SCA\{j} |F|!

where F = {1,2,..., p} is the full feature set, S denotes a subset of features not containing j, and fs(x) is the
expected model prediction conditioned on features in S.

Under this formulation, the prediction is decomposed additively as: f(x) = @ + Zle ¢(x), where ¢
is the baseline prediction (expected value of the model output).

For tree-based models, we employ TreeSHAP, which computes exact SHAP values in polynomial time,
ensuring consistency and local accuracy.

Global interpretation. By aggregating absolute SHAP values across all samples, I; = + >N i),
we obtain a global importance score I; that quantifies the overall influence of feature j on mentorship
outcomes.

4.4.3 LIME: Local Surrogate-Based Explanation

While SHAP captures population-level trends, mentorship dynamics often exhibit strong heterogeneity.
To explain individual predictions, we apply LIME, which approximates the complex model locally using an
interpretable surrogate.
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Given an instance x, LIME solves the following optimization problem:
g = argr;ggﬁ(f, g er) +Q(g), (3)

where f is the original black-box model, g is a simple interpretable model (e.g., linear regression), 7x
defines a locality-aware weighting kernel around x, £ measures the fidelity of g in approximating f locally,
and Q(g) penalizes model complexity to enforce interpretability. In practice, gx(-) provides a sparse linear
explanation: gx(z) = fy + Zle Bjz;j, where coefficients §; indicate the local contribution of feature j to the
prediction at x.

From a methodological perspective, the proposed IMA framework advances prior SSR research by
conducting a complete data-to-insight process. Instead of relying solely on manually interpreted findings,
IMA enables the transformation of raw evaluation information into structured mentorship indicators,
followed by predictive modeling and explainable analysis. This makes it possible to move from pattern
description to mechanism-oriented interpretation in a more systematic and scalable way.
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Figure 7: Overview of the experimental procedures of our Interpretable Mentorship Analytics IMA) framework,
illustrating task definition, data partitioning and modeling preprocessing, predictive modeling, and global and local
explainable analyses based on SHAP [30] and LIME [31].

4.5 Entire Experimental Procedures

Lastly, Fig. 7 illustrates the overall experimental workflow and the relationship between predictive
modeling, explainable analysis, and result interpretation. The complete experimental workflow is
summarized as follows:
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Experimental Workflow Summary

Construct structured mentorship features via LLM-ensemble annotation.
Train gradient-boosting models to predict overall evaluation outcomes.
Evaluate predictive performance using standard regression metrics.
Apply SHAP and LIME for global and local explainability.

Conduct multi-scenario explainable analyses to address distinct research questions.

A A

In summary, the experimental procedures integrate data preprocessing, predictive modeling, and
explainable analysis into a unified workflow. We first construct robust predictive models to capture overall
evaluation patterns, and then employ multi-scenario explainable analysis to interpret model behavior
from global and local perspectives. We believe the proposed procedures enable accurate prediction while
providing interpretable insights into the formation of evaluation outcomes, forming the empirical foundation
for subsequent results.

Model Validity and Reliability Assessment. To ensure the credibility and reliability of the conclusions derived
from the interpretable machine learning framework, we evaluate the model from multiple complementary
perspectives.

First, predictive validity is assessed through out-of-sample performance metrics, ensuring that the
model captures meaningful patterns rather than overfitting the training data. Second, cross-model
consistency is examined by comparing the key feature importance rankings obtained from different models
(e.g., XGBoost, LightGBM, and Random Forest). Third, robustness to data preprocessing choices is verified
by testing different strategies for handling missing values and feature transformations, ensuring that the
results are not sensitive to specific preprocessing decisions. Finally, substantive consistency is evaluated by
comparing the explainable model results with descriptive statistical patterns observed in earlier analyses.
The alignment between these two perspectives provides additional support for the validity of the conclusions.

Together, these validation steps strengthen confidence that the identified patterns are stable,
interpretable, and meaningful within the context of large-scale mentorship evaluation data.

5 Results and Discussion

This section is organized into two complementary analytical layers.

First, Section 5.1 presents descriptive and exploratory analyses based on the structured mentorship
dataset, aiming to summarize empirical distributions, group differences, and latent patterns across regions,
institution types, and disciplines.

Second, Section 5.2 presents predictive and explainable analyses based on our IMA. This part focuses
on identifying which features systematically influence the overall evaluation outcomes and how their
effects vary across contexts and individual cases.

The descriptive analyses reveal "what patterns exist", while the explainable machine learning analyses
help explain "which factors matter most" and "how these factors jointly shape the overall evaluation".

5.1 Overall Data Analysis

We begin by examining the empirical distribution of overall evaluations and aspect indicators, as well
as their variation across time and context (e.g., discipline and geography). The followings analyses serve
two purposes: they validate that the processed dataset exhibits meaningful heterogeneity, and they reveal
preliminary patterns that the predictive and explainable models will later formalize.
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Note that the analyses in this subsection are primarily descriptive and exploratory. They are intended
to characterize the empirical structure of the processed dataset and identify observable patterns across
different groups. These findings serve as an empirical foundation and motivation for the subsequent
model-based explainability analysis, rather than being directly generated by the explainable machine
learning framework.

Attention Patterns Analysis Measured through Mention Rates. We first ask a simpler but
foundational question: what do students talk about most when they evaluate supervisors?

Intuitively, mention rates provide a proxy for cognitive salience, reflecting which dimensions naturally
enter students’ evaluation narratives and which remain peripheral. Fig. 8 presents attention distributions
across majors, university tiers, and supervisor gender. Across all majors, attention is highly concentrated
on a small set of dimensions.

As shown in Fig. 8 (left), teacher—student relationship and professional ability consistently receive
near-universal attention, indicating that students treat interpersonal interaction and academic competence
as baseline criteria for supervision quality. Student prospects also attract high attention, though with
slightly more variation across fields. In contrast, student allowance receives markedly lower mention rates,
suggesting that material support is rarely foregrounded in spontaneous evaluations, even in disciplines
where financial pressure may be substantial. he same concentration pattern appears across institutional
tiers and supervisor gender. As shown in Fig. 8 (right), students from 985, 211, and other universities show
remarkably similar attention hierarchies, with only modest shifts in emphasis. Likewise, evaluations of
male and female supervisors differ little in what dimensions students attend to, implying that attention
allocation is largely driven by evaluation norms rather than demographic characteristics.

These results suggest that students’ evaluations are structured by a stable attention framework. Before
considering performance gaps or inequality across groups, it is therefore essential to recognize that most
evaluative weight is placed on a limited set of highly salient dimensions, while others operate at the margins
of student attention.

Weight Attribution of Supervisor Evaluation Dimensions. In order to conduct a further study on
which specific dimension among the various subdivisions has the greatest impact on the overall evaluation
(Average Score) of the mentors, we conducted a weight attribution analysis on six evaluation dimensions.
Fig. 9 presents a weight attribution analysis examining how different evaluation dimensions contribute to
students’ overall supervisor ratings. Using both standardized multivariate linear regression and random
forest regression, we assess the relative importance of six dimensions under multiple missing-value treatment
strategies.

As shown in the top-right of Fig. 9, across all model specifications, Teacher—Student Relationship emerges
as the most influential determinant of the overall rating. In the linear regression framework, this dimension
exhibits the largest standardized coefficient, substantially exceeding those of all other factors, indicating
that relational quality plays a dominant role in shaping students’ global evaluations. Professional Ability and
Project Attitude form a secondary tier of importance, while Student Prospects, Lifestyle, and especially Student
Allowance display comparatively limited explanatory power. The random forest results corroborate this
pattern: even when allowing for nonlinear effects and interactions, teacher—student relationship remains
the most important feature by a wide margin. Importantly, the ranking of key dimensions is highly stable
across different missing-value handling strategies, suggesting that the dominance of relational factors is
not an artifact of data preprocessing choices.

Therefore, for students, the most crucial sub-dimension that determines the overall evaluation of
a mentor is "teacher-student relationship”. Ability and project attitude are important but secondary



Rev Int Metod Numer. 2026 19

Student Attention Patterns by University
Tier (985/211/Other).

Attention Heatmap: Student Focus on Supervisor Evaluation Dimensions by Major |
(Values represent mention rates) -
Engineering LA L} ¥ 4 Ll g bl
Medicine & Life Sciences Lo L5 1 2]
Natural Sciences [BL i 0.9;
Agriculture & Environmental Sciences L ¥ (& i LN 0.9;
: o S Lot %5 Universities 71 | U Dihier Univirsities

Mention Rt

Infarmation Technology 711 Uries
University Tier
Rusiiels & Wiagerin! Student Attention Differences when Evaluating

Male vs Female Supervisors

ces & Humanities

) 7
Art & Design o .59 [ 1.95
Law & Public Affairs 4 L7 .98 b
02
Education h L .84 8k
Evaluntion Dimensions & z
s & - s .. 2 04
& & P : - -0
ot Lo
o
A s
Major Field
Male Satpervisi f Friali: Supsrviors

Supervisor Gender

ey wopmAY
inrnii

Figure 8: Student attention patterns in supervisor evaluations, measured by mention rates across evaluation
dimensions. The heatmap (left) shows discipline-level variation in attention, while the bar charts (right) compare
attention distributions by university tier (985/211/other) and supervisor gender.

explanatory variables; student grants and student prospects have a greater impact on the local experience
and have relatively limited explanatory power for the overall score. These findings indicate that students’
perceptions of supervisory quality are driven primarily by relational and interactional factors rather than
material support or instrumental outcomes.

Geographical and Circle Differences: Region, School Tier, and Major Pressure. Fig. 10
summarizes how supervisor ratings differ across regions, school tiers, and majors. The results are shown in
several panels: regional averages, school-tier score distributions, a major “pressure index” ranking, and a
provincial heatmap of key metrics.

First, the regional comparison shows clear differences in overall experience. In the bar charts, the
Northeast group has the highest average score (around 3.00), while Other regions score lower (around
2.75). The drivers of satisfaction also differ: developed regions score higher on student allowance, whereas
Northeast performs better on teacher—student relationship and professional ability.

Second, school tier does not fully shield students from negative experiences. The boxplots show strong
overlap across 985, 211, and other universities on all dimensions. Variation within each tier is large, and the
distributions of average scores overlap substantially. In practice, students can encounter both good and
poor supervisors in any tier, and within-tier differences often exceed between-tier differences.

Third, majors display a clear pressure pattern. The Major Pressure Index Ranking places Information
Technology near the top, with several majors closely following. The scatter plot indicates that better student
prospects are generally linked to higher overall scores, but the relationship is not strict. Differences in
allowance and relationship across majors further show that similar overall scores can mask very different
lived experiences.

Finally, the provincial heatmap offers a compact summary of these differences. Provinces on the left
generally score higher across multiple metrics, while those on the right score lower. However, the four
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Random Forest Feature Importance

Figure 9: Weight attribution of overall supervisor rating. Left: bivariate relationships between each dimension score
and overall rating with fitted trend. Right: standardized linear regression coefficients and random forest feature
importance. Bottom: robustness comparison across missing-value strategies.

indicators do not move in perfect sync: some provinces perform well overall but lag in allowance, while
others show the opposite.

Overall, these results lead to three major conclusions: (1) region-level gaps exist, and they come from
a mix of money, relationship quality, and capability; (2) school tier differences are real but not decisive,
because variation within the same tier is large; (3) major-level pressure is visible, and prospects, allowance,
and relationship can move together but also diverge, so each field has its own “stress profile”.

Supervisor Archetypes from Clustering. Fig. 11 groups supervisors into five patterns based on six
rating dimensions. The cluster selection results indicate that K = 5 provides a reasonable balance between
structure clarity and explanatory power, as the elbow curve flattens and the other evaluation scores show
limited improvement beyond this point.

The radar charts (top-right of Fig. 11) reveal clear differences between clusters. One group represents a
strong “best overall” profile (All-round Excellence, n=2243), with consistently high scores across relationship,
ability, and project attitude. Another large group shows a more moderate but stable pattern (Balanced Type,
n=1686), with mid-to-high scores and no pronounced weaknesses. Several weaker patterns are also visible.
Two clusters are labeled Needs Improvement (n=1594 and n=1109), but with distinct shapes: one retains
isolated strengths while falling behind on other dimensions, whereas the other scores low across most axes.
A separate cluster (Exploitative Boss, n=1236) displays strong imbalance, reflecting poor performance in
key areas such as support and fairness. Furthermore, the PCA scatter plot (bottom-left of Fig. 11) further
supports these distinctions. The clusters form visible bands rather than random mixtures, suggesting
that student evaluations reflect repeatable combinations of experiences rather than isolated single scores.
Meanwhile, the bar chart (bottom-left of Fig. 11) shows that majors differ in their composition of supervisor
types. Some fields contain a higher share of the top-performing cluster, while others include more weaker
patterns.

Overall, the results point to three main conclusions: good supervisors tend to perform well across
multiple dimensions rather than excelling in only one; low ratings arise from different underlying patterns
and therefore require targeted responses.

Gender Differences in Supervisor Evaluation. Fig. 12 provides a comprehensive comparison
of supervisor evaluations by gender, covering overall patterns, score distributions across dimensions,
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Figure 10: Regional, institutional, and disciplinary differences in supervisor evaluations, which compares scores and

key dimensions across regions, school tiers, and majors, and summarizes provincial patterns.

extreme ratings, and differences across majors. At the aggregate level, male and female supervisors exhibit
highly similar average profiles. The radar chart shows nearly overlapping shapes across all six dimensions,
indicating no large gender gap in mean evaluations of relationship quality, professional ability, project
attitude, or lifestyle.

Despite similar averages, distributional differences emerge across several panels. Male supervisors
appear more frequently in the highest score category, particularly for professional ability and project attitude,
while female supervisors are more concentrated in the middle score range. Boxplots and histograms of
overall ratings further reflect this pattern: medians are comparable, but male supervisors show heavier
upper tails, whereas female supervisors display tighter distributions with fewer extreme high values.

These differences are most visible at the extremes of the rating scale. The comparison of extreme
evaluation ratios shows that female supervisors receive a higher proportion of low scores (>2), while
male supervisors receive a higher proportion of high scores (>4). This asymmetry is consistent across
dimensions and majors, suggesting that gender differences in supervisor evaluation are driven primarily by
how students allocate extreme ratings rather than by systematic differences in average performance.
Traditional vs. High-Tech Engineering: Evidence of Internal Ecosystem Fracture. Fig. 13 provides
a multi-perspective comparison between Traditional Engineering and High-Tech Engineering, revealing both
shared patterns and subtle structural differences across key dimensions.

The radar chart suggests that the two groups are broadly comparable in their overall profiles, with
only small deviations in project attitude, student prospects, professional level, and student subsidy. This
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Figure 11: Clustering-based supervisor archetypes. The results show: Distribution of Supervisor Types across Majors
(top-left); Radar Charts of Supervisor Clusters (top-right); Supervisor Types PCA Visualization (bottom-left); Cluster
Number Selection Metrics (bottom-right).

overall similarity is further supported by the effect-size panel, where all Cohen’s d values remain close
to zero and well below conventional thresholds for medium (0.3) or large (0.5) effects, indicating that the
between-group differences are statistically small in practical magnitude. Despite the limited effect sizes,
the distributional and variability analyses highlight meaningful internal distinctions. The histogram of
student prospects scores shows that High-Tech Engineering exhibits a stronger concentration at higher
score levels (particularly around 4-5), implying a more optimistic outlook among students. Meanwhile,
the interdisciplinary variability comparison indicates that Traditional Engineering has consistently higher
coefficients of variation for both student prospects and student subsidy. In contrast, High-Tech Engineering
appears relatively more homogeneous, which may reflect more standardized resource allocation and student
expectations across departments. Finally, the condition-based resilience boxplots show that both engineering
categories experience a substantial upward shift in resilience under normal conditions compared with
adverse conditions, but the overall pattern is similar across groups.

Taken together, these results suggest that the primary contrast between Traditional and High-Tech
Engineering lies less in average performance levels and more in the dispersion and internal consistency of
student experiences, which may serve as a key indicator of ecosystem stability and potential fracture risk.
Strict Mentorship or Exploitation: Nonlinear Pressure-Benefit Trade-off. To examine whether
supervisory “push” improves student outcomes or instead becomes counterproductive, we construct a
pressure proxy (Push_Intensity) by reversing the supervisor project-attitude score (6 — attitude). We then
model the relationship between Push_Intensity and Student Prospects within three representative disciplines
(Information Technology, Engineering, and Natural Sciences), comparing a linear baseline against a quadratic
specification to test for an inverted-U pattern. And the results are illustrated in Fig. 14.
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Comprehensive Gender Bias Analysis in Supervisor Evaluation
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Figure 12: Gender-based comparison of supervisor evaluations. The figure shows average profiles across dimensions,
score distributions by gender, overall rating patterns, lifestyle score distributions, extreme rating ratios, and gender
differences across academic majors.

Across all three majors, the quadratic model consistently provides a better fit than the linear model,
with R? values in the range of approximately 0.12-0.15, suggesting that the pressure—benefit relationship
is not purely monotonic. The fitted curves show a shared structure: student prospects improve under
mild-to-moderate supervision intensity, but decline once supervision becomes overly strict. The estimated
peak points occur around a supervision intensity of roughly 2-2.5, indicating an empirically identifiable
“optimal pressure” zone rather than a simple “more pressure is better” mechanism.

Beyond average trends, we further assess tolerance by comparing breakdown rates (prospects < 2)

under moderate pressure versus high pressure. The heatmap reveals that the risk of low prospects rises
substantially under high-pressure conditions across all disciplines, with the strongest sensitivity observed
in Natural Sciences. Taken together, the results support a nuanced interpretation: moderate push may be
beneficial, but excessive supervision is associated with diminishing returns and a higher probability of
adverse student outlook.
Allowance Inequality in 985 vs. Non-985 Universities: Distribution, Geography, and Matthew
Effects. Fig. 15 consolidates the key evidence on student-allowance inequality between 985 and non-985
universities across distributional, geographic, and disciplinary perspectives. At the aggregate level, the
score distribution and banded shares indicate that non-985 universities have a heavier lower-score tail
and a slightly more polarized structure, consistent with stronger internal stratification. This pattern
is corroborated by inequality metrics: non-985 institutions show higher Gini (0.314 vs. 0.290) and
higher coefficient of variation (0.558 vs. 0.516), suggesting that dispersion within non-985 universities is
systematically larger even if average levels may appear similar.
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Figure 13: Multi-perspective comparison between Traditional and High-Tech Engineering across core dimensions.
The results integrate (i) a radar chart of mean scores, (ii) the distribution of student prospects scores, (iii) effect sizes
(Cohen’s d) across dimensions, (iv) a college-level scatter plot of subsidy versus prospects, (v) resilience under adverse
and normal conditions, and (vi) interdisciplinary variability for key indicators.

Beyond global inequality, the extreme-share panel provides a risk-oriented view: the proportion
of very low allowance (score < 1.5) is higher in non-985 universities, implying a greater prevalence of
students facing resource scarcity. In contrast, very high allowances (score > 4.5) differ less between groups,
indicating that the inequality gap is driven more by the lower tail than by elite concentration alone.

Finally, the provincial and major-level analyses reveal structured heterogeneity. The top-province
ranking shows that Jiangxi attains the highest mean allowance within 985 universities (3.50), but small
sample sizes in some provinces caution against over-interpretation. The 985 vs. non-985 heatmap
suggests that geographic gradients are not uniform across institution types. At the disciplinary level,
the Matthew-effect scatter indicates that 985 advantages concentrate in specific majors, with the strongest
advantage observed in Social Sciences & Humanities (effect strength = 0.11). Overall, the results imply
that the primary inequality problem is more severe internal dispersion within non-985 universities, while
985-related advantages manifest as localized geographic and disciplinary premiums rather than a universal
uplift.

The Cost of “Nice” Supervision: Rapport, Rigor, and Discipline-Specific Returns. To test whether
being a “nice” supervisor comes with an academic cost, we split supervisors into three groups. Nice
supervisors are those rated high on teacher-student relationship and project attitude (i.e., low coercion). A
stricter Buddha-style subset also requires a high lifestyle score. All remaining cases form the Normal group.

Fig. 16 summarizes the comparison using a small set of high-signal panels. The radar chart first
shows that niceness is not one single dimension: it is a combination of stronger rapport and a less pushy
project style. Importantly, these traits do not coincide with weaker academic ability. Instead, nice (and
buddha-style) supervisors are often rated as equally, or even more, professionally competent, while also
producing better student prospects. The distributional plots confirm that this is not driven by a few
extreme cases. Professional-ability scores shift to the right for nice supervisors, and the prospects boxplot
suggests both higher typical outcomes and fewer low-end failures. The relationship—ability scatter further
supports this pattern: good rapport and strong academic ability tend to appear together rather than trade
off against each other. Finally, the major-level panels add an important boundary condition. The share of
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Severe Supervision vs Student Prospects: Nonlinear Trade-off Between Pressure and Benefit
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Figure 14: Nonlinear relationship between supervisory push intensity and student prospects across disciplines.
Push intensity is constructed as 6 — Supervisor’s Project Attitude, where larger values indicate stronger supervisory
pressure. The top row shows scatter plots with quadratic fits and estimated peak points for Information Technology,
Engineering, and Natural Sciences (sample sizes and R? reported). The bottom panels summarize discipline-level
pressure sensitivity under moderate vs. high pressure and compare linear correlations against the incremental
explanatory power of the quadratic term.

nice supervisors and their measured advantages differ across disciplines, meaning that “being nice” is not
equally easy or equally rewarding in every field.

Overall, the results suggest that supportive mentoring is not inherently “soft” in many contexts, it
aligns with both rigor and better student outcomes.
The relationship between descriptive findings and model-based results. It is important to note
that the descriptive findings presented in Section 5.1 do not rely on predictive modeling and therefore
reflect empirical patterns observed in the data. However, such patterns may be influenced by group-wise
comparisons or localized observations. The explainable machine learning framework complements these
findings by identifying which factors have stable, consistent, and non-linear effects on the overall evaluation
across the full dataset. Therefore, the role of the model is not to replace descriptive analysis, but to
validate, refine, and prioritize the observed patterns. This combined approach enhances the robustness and
interpretability of the conclusions.

5.2 Explainable Machine Learning Analysis

In contrast to the descriptive analyses in Section 5.1, this subsection presents model-based and
explainable analyses using the IMA framework. The goal is to identify which features have stable and
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985 vs Non-985 Universities: Allowance inequality, Geography, and Major-Level Matthew Effects
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Figure 15: Comparison of student allowance inequality between 985 and non-985 universities. Panels summarize (1)
normalized allowance-score distributions, (2) score-band shares, (3) within-group inequality metrics (Gini, CV, and
P90/P10), (4) extreme-share rates (very high > 4.5 and very low < 1.5), (5) top provinces in 985 by mean allowance
(with sample sizes), (6) province-level mean allowance heatmap for 985 vs. non-985, (7) major-level allowance
distributions (top 8 majors), and (8) major-level Matthew effects (advantage = meanggs - mean,,,—ogs).

systematic influence on the overall mentorship evaluation, to quantify their relative importance, and to
uncover potential non-linear and interaction effects that cannot be captured by descriptive statistics alone!8.

Specifically, the credibility of model-based conclusions in this study is assessed from four
complementary perspectives: predictive validity, measured by out-of-sample regression performance;
cross-model consistency, by comparing whether XGBoost, LightGBM, and Random Forest identify
similar key drivers'’; robustness to preprocessing choices, including missing-value strategies and
feature handling; and substantive consistency, namely whether explainable results align with descriptive
patterns observed in the earlier empirical analyses.

5.2.1 Data Preprocessing and Feature Engineering

Before model training, we implemented a unified data preprocessing and feature engineering pipeline
to ensure data quality, consistency, and suitability for explainable machine learning analysis. Given the
heterogeneous nature of large-scale anonymous evaluations, the dataset contains both numerical and
categorical variables, as well as sporadic missing or noisy entries.

Missing values were handled according to variable type. For categorical features, missing entries
were assigned to a unified “Unknown” category, while numerical features were cleaned by replacing
infinite values with missing values and imputing them using the median. Categorical variables describing

It should be noted that the purpose of the proposed framework is not to benchmark predictive performance against alternative
algorithms, but to demonstrate the feasibility and reliability of an interpretable and scalable analytical pipeline for large-scale
mentorship evaluation data.

Multiple models (e.g., XGBoost, LightGBM, Random Forest) are tested to ensure robustness.
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Figure 16: A detailed fine-grained analysis of Nice supervisors. Part. (a) a radar profile of core dimensions (relationship,
project attitude, professional ability, prospects); (b) mean academic outcomes (ability and prospects) across supervisor
types with sample sizes; (c) distributional shifts in professional ability; (d) prospects dispersion for nice vs normal; (e)
the relationship—-ability association with a fitted trend and correlation; (f) the share of nice supervisors by major; (g)
major-level gains (Nice-Normal) for ability and prospects; and (h) an archetype bubble view summarizing supervision
styles.
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Figure 17: Clustering and dimensionality reduction by K-means, hierarchical clustering, PCA, and t-SNE.

institutional, demographic, and disciplinary attributes, including school category, university, department,
supervisor, gender, province, and major, were transformed using label encoding. The core numerical
feature set was constructed from structured evaluation indicators reflecting mentorship quality, including
teacher-student relationship, student prospects, financial support, supervisor professional ability, project
attitude, and lifestyle-related factors, along with an aggregated average score.

Finally, the processed dataset was split into training and testing subsets using an 80/20 ratio, with
the overall evaluation score serving as the prediction target. This preprocessing framework establishes a
consistent and transparent foundation for model comparison and subsequent explainable analysis.

5.2.2 Clustering and Dimensionality Reduction Analysis

Based on the clustering and dimensionality reduction results visualized in Fig. 17, we observe the
insights into the underlying structure of the data.
Specifically, for the first two subfigures in Fig. 17, i.e., K-Means?’ & Hierarchical Clustering using PCA

visualization?!, the K-means based result exhibits a clear separation between distinct groups in the reduced

% K-Means: https://scikit-learn.org/stable/modules/generated/sklearn.cluster. KMeans.html.

2 PCA Visualization: https://plotly.com/python/pca-visualization/.
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Figure 18: ANOVA analysis results, showing F-statistics and significance markers for categorical variables, and
p-value significance using -log10(p). In the left panel, the significance markers atop each bar denote the following: “**¢
for p < 0.001, *** for p < 0.01. These markers are derived from the ANOVA p-values associated with each categorical

variable.

two-dimensional space (PC1 and PC2). The resulting clusters, represented by different colors, appear to
be well-separated, with relatively few points overlapping. Similar to K-means, the hierarchical clustering
method also provides an interesting view of the data’s grouping structure. However, the clusters appear to
be less well-defined compared to the K-means results, with more overlap between groups. For the last two
parts of Fig. 17, the general PCA plot does not show distinct clusters, indicating that while PCA successfully
reduces the data to two components, the data may not inherently separate well in lower-dimensional space
without clustering methods. Also, the t-SNE plot offers a more compelling visualization, with distinct
clusters appearing more clearly separated than in the PCA plot.

Overall, these clustering and dimensionality reduction results provide a strong basis for evaluating the
effectiveness of different machine learning methods. These results, which reveal the characteristics of the
data, can inform further analysis and guide model selection.

5.2.3 Statistical Analysis: ANOVA and Correlation

Fig. 18 presents the results of the statistical analysis, including ANOVA tests and correlation analysis,
conducted to investigate the relationships between categorical variables and the overall evaluation score.

The first plot in Fig. 18 visualizes the F-statistics for each categorical variable tested using ANOVA,
which evaluates whether the means of different groups significantly differ from one another. The F-statistics
are accompanied by significance markers indicating the strength of the relationship between the categorical
variables and the overall evaluation. The ANOVA results suggest that certain categorical variables, such as
‘school_cate® and ‘major’, exhibit strong relationships with the evaluation scores. The second plot displays
the -log10 of the p-values for each variable tested in the ANOVA analysis. A higher -log10(p-value) indicates
stronger statistical significance. The remaining two plots show the results of correlation analysis, where
the correlation coefficients between numerical features and the overall evaluation score are calculated. The
third plot visualizes the correlation coefficients for each feature, with colors representing the statistical
significance of each correlation. Significant correlations are marked in red. The fourth plot displays a scatter
plot of the correlation coefficients against the -log10(p-values), providing a clearer view of the relationship
between correlation strength and statistical significance.

In summary, these statistical results help to identify key factors that influence the overall evaluation
score and guide further exploration of feature interactions.
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Figure 19: Performance ranking of evaluated machine learning models based on predictive accuracy. Models are
ranked according to their R? scores on test set, where higher values indicate better explanatory power.

5.2.4 Model Selection and Performance Comparison

Before model training, we conducted a comprehensive comparison across a diverse set of machine
learning regression models to select candidates that balance accuracy, robustness, and interpretability for
subsequent explainable analysis.

Based on the structured evaluation dataset described in the previous section, we formulated the task as
a supervised regression problem??, where the overall mentorship evaluation score served as the prediction
target, and multi-dimensional indicators describing guidance intensity, academic support, professional
competence, and interaction quality were used as input features.

Specifically, we evaluated a broad spectrum of representative regression models, including linear
models (Ridge regression), kernel-based methods (Support Vector Regression), neural networks (Multi-Layer
Perceptron), and ensemble learning approaches such as Random Forest, Extra Trees, Gradient Boosting-based
models (XGBoost and LightGBM), as well as an ensemble Voting Regressor. Model performance was assessed
using multiple complementary metrics, including the coefficient of determination (R?), mean absolute
error (MAE), and root mean squared error (RMSE). Fig. 19 summarizes the overall performance ranking
of all evaluated models based on their predictive results on the held-out test set. In particular, XGBoost,
LightGBM, and Random Forest achieved superior R? scores and lower prediction errors, demonstrating
strong capability in capturing complex, non-linear interactions among mentorship-related features. In
contrast, simpler models such as Ridge regression exhibited limited expressive power, while the neural
network model showed unstable performance and inferior generalization.

Considering both predictive effectiveness and compatibility with post-hoc interpretability techniques,
we selected XGBoost, LightGBM, and Random Forest as the core predictive models for subsequent
explainable machine learning analysis. These models can integrate seamlessly with model-agnostic and
model-specific explanation tools such as SHAP.

During training, we further examined the learning behavior and generalization characteristics of these
models using learning curve analysis. Fig. 20 illustrates the learning curves of Ridge regression, Random
Forest, and LightGBM in terms of R? scores on both training and validation sets as the training sample
size increases. Ridge regression exhibits closely aligned training and validation curves with a consistently
small performance gap, indicating stable convergence and low variance but limited predictive capacity. In
contrast, Random Forest achieves very high training performance while maintaining substantially lower

2 To ensure fairness and robustness, all models were trained and evaluated under an identical preprocessing and train-test split

protocol.
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Figure 20: Learning curves of representative models (Ridge regression, Random Forest, and LightGBM), showing
training and validation R? scores as a function of training set size.

validation scores, resulting in a pronounced and persistent generalization gap. LightGBM demonstrates a
balanced learning. Although its training performance decreases with increasing data size, the validation
performance steadily improves and gradually converges, yielding a moderate final gap between training
and validation scores.

Overall, the results further support the selection of tree-based ensemble methods, particularly
LightGBM and XGBoost, as suitable candidates for subsequent explainable machine learning analysis,
due to their favorable trade-off between predictive accuracy and generalization stability.

5.2.5 Global Explainability Analysis with SHAP

To provide a transparent and model-consistent interpretation of the predictive mechanisms underlying
the selected ensemble models, we conducted an advanced explainable analysis based on SHAP. This analysis
focuses on tree-based models with strong predictive performance, including Random Forest, LightGBM,
and XGBoost. SHAP values were computed on the test set using model-specific TreeExplainers.

Fig. 21 presents the global SHAP analysis results from two complementary perspectives. The upper
row shows SHAP summary plots for each model, where each point represents an individual sample and
the color indicates the relative magnitude of the corresponding feature value. Positive and negative SHAP
values reflect the direction and strength of each feature’s contribution to the predicted overall evaluation
score. The lower row reports the corresponding feature importance rankings based on the mean absolute
SHAP values, highlighting the most influential predictors for each model.

From the upper row of Fig. 21, it reveals several consistent and informative patterns. First, the
distribution of SHAP values demonstrates pronounced asymmetry for the most influential features,
indicating strong non-linear effects rather than simple monotonic relationships. For example, higher values
of the average evaluation score and student allowance are predominantly associated with positive SHAP
values, suggesting that these factors consistently contribute to increased overall evaluation predictions.
Second, the color gradients within the SHAP distributions highlight substantial heterogeneity in feature
effects. Even for highly ranked features, both positive and negative SHAP values are observed, implying that
their influence depends on contextual combinations with other variables. This pattern is particularly evident
for interaction-related features, such as the relationship—ability interaction, which exhibits wide SHAP
dispersion in all three models. Third, despite architectural differences among Random Forest, LightGBM,
and XGBoost, the relative ordering and directional tendencies of key features remain highly consistent.
Institutional and demographic encodings (e.g., department, university, and province) display comparatively



Rev Int Metod Numer. 2026 31

(a) RandomForest S.HAF Summary (b) LighttBM SHAP Summary s (C) #GBoost SHAP Summary idh
average_score -—-'- Student Allowance -’.—--- average_seare -—-*-
Student Allowance —*—- relationship_ability_interaction '—*' Student Allowance '“-
relationship_ability_interaction -——*-— average_scare -ﬂv- relationship_ability_interaction -‘-
department_encoded - —‘—‘ o department_encoded . _+- . department_encoded ~u—‘— .
university_encoded -—-‘- 3 university_encoded —+ H umiversity_encoded -+ =
B o
province_encoded - % Teacher:Student Relatianship ‘- g supervisor_encoded = —+ . _g
attitude_lifestyle_interaction * supervisars professional Ability + = province_encoded -—+ =
supervisor_encoded . . province_sncoded + Teacher-Student Relationship ...._.
schpal_cate_sncoded —+ attitude_lifestyle_interaction + Supervisor's Professional Ability —+
Teacher-Student Relationship -+ school_cate_encoded ——* attitude_lifestyle_interaction +
= Low + Lovar Low
-1 [ - [ 1 ]
SHAP value [impact on model output) SHAP value (impact on model output) SHAP value (impact on model output)

(d) RandomForest Top Features (e LightGBM Top Features ( ) AGBoost Top Features
I

000 003 0AF D13 0320 900 D003 010 DI L] 01 0z
Moan |SHAR Valus| Maan |SHAP Vatua| Moan |SHAP Valua|

Figure 21: Global SHAP analysis for Random Forest, LightGBM, and XGBoost models. The upper panels show SHAP
summary plots illustrating the positive and negative contributions of key features, while the lower panels report
feature importance rankings based on mean absolute SHAP values.

smaller but stable contributions, indicating that while contextual background plays a role, it does not
dominate the predictive process.

Despite minor variations in feature ranking across models, the overall SHAP patterns are highly
consistent, reinforcing the robustness of the identified key factors. This cross-model agreement strengthens
the credibility of the explainable results and provides reliable evidence for subsequent interpretation of

mentorship mechanisms.

5.2.6 Feature Dependence and Interaction Analysis with SHAP

To further investigate how key features interact and jointly influence model predictions, we conducted
a detailed SHAP dependence and interaction analysis for the selected ensemble models. Unlike global
importance rankings, this analysis focuses on feature-wise response patterns and interaction effects,
enabling a more fine-grained interpretation of the underlying decision mechanisms. Fig. 22, Fig. 23, and
Fig. 24 present the SHAP dependence results for Random Forest, XGBoost, and LightGBM, respectively.

For the Random Forest model (Fig. 22), strong non-linear and interaction-driven behaviors are observed.
Institutional features such as province, university, and department encodings exhibit heterogeneous SHAP
distributions, indicating that their effects are highly context-dependent rather than monotonic. Notably,
the relationship—-ability interaction feature shows wide SHAP dispersion, with both positive and negative
contributions depending on the average score and supervisor professional ability. This suggests that
mentorship effectiveness emerges from the interplay between relational quality and professional competence.
In addition, student allowance and average score display clear positive trends, confirming their stabilizing
and reinforcing roles in overall evaluation predictions.
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Figure 22: SHAP dependence and interaction analysis for the Random Forest model. The plots illustrate non-linear
feature effects and interaction patterns among key variables, with color gradients indicating interacting feature

values.

In the XGBoost model (Fig. 23), feature dependence patterns are more structured and monotonic.
Student allowance and average score demonstrate nearly linear positive relationships with SHAP values,
reflecting XGBoost’s strong capacity to capture ordered effects. At the same time, teacher—student
relationship and supervisor project attitude reveal pronounced interaction effects, as indicated by color
gradients linked to professional ability and average score. These results highlight that while XGBoost
emphasizes dominant main effects, it also preserves meaningful interaction structures between academic
support and relational factors.

The LightGBM dependence analysis (Fig. 24) reveals similar but slightly smoother patterns. Core
features such as average score, student allowance, and supervisor professional ability show consistent
positive contributions with reduced variance, indicating stable generalization. Interaction effects remain
evident, particularly between teacher—student relationship and professional ability, although their dispersion
is narrower than in Random Forest. This behavior suggests that LightGBM achieves a balance between
expressive non-linearity and robustness, yielding interpretable yet stable feature-response relationships.

Overall, the dependence and interaction analyses consistently demonstrate that mentorship evaluation
outcomes are shaped by both dominant main effects and higher-order interactions. The cross-model
agreement in these patterns further reinforces the reliability of the extracted explanations and provides
strong evidence for the joint influence of relational, academic, and contextual factors.
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Figure 23: SHAP dependence analysis for the XGBoost model, showing feature-wise response patterns and interaction
effects between core mentorship attributes and contextual variables.

5.2.7 Comprehensive SHAP Interaction and Nonlinear Effect Analysis

To further elucidate the structural mechanisms underlying the model predictions, we conducted a
comprehensive SHAP-based interaction and nonlinear effect analysis. Fig. 25 integrates interaction strength
estimation and feature-wise dependence visualization, providing a holistic view of how individual attributes
and their combinations jointly influence the overall evaluation outcomes.

Fig. 25a reveals pronounced interaction effects among several key variables. In particular, the interaction
between teacher—student relationship quality and supervisor professional ability exhibits the strongest
intensity, indicating that the predictive contribution of professional competence is highly contingent on
relational context. Other interaction pairs, such as student prospects with allowance and project attitude
with lifestyle factors, further suggest that mentorship evaluation is driven by synergistic rather than additive
effects.

Figs. 25b and c illustrate representative interaction patterns. The dependence between student prospects
and allowance demonstrates that economic support amplifies the positive contribution of development
prospects. Similarly, the interaction between relationship quality and professional ability shows that
high competence yields substantial positive effects only when embedded within a favorable relational
environment. These findings highlight the conditional nature of key predictors.

Figs. 25d-i depict feature-wise SHAP dependence plots, revealing strong nonlinear behaviors. Core
attributes such as allowance, teacher—student relationship, and professional ability exhibit diminishing
marginal effects and threshold-like patterns, while prospects and project attitude show more stable positive
trends. Lifestyle-related features contribute modestly but consistently, acting as contextual modifiers rather
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Figure 24: SHAP dependence analysis for the LightGBM model. The results highlight stable feature-response

relationships and moderated interaction effects across key predictors.

than dominant drivers. Overall, this demonstrates that mentorship evaluation outcomes are shaped by a
complex interplay of relational, academic, and contextual factors.

5.2.8 Local Explanation Analysis with LIME

While SHAP provides a comprehensive understanding of global feature importance and interaction
structures, it does not directly explain individual prediction outcomes. To complement the global
interpretability analysis and validate model behavior at the instance level, we further conducted a Local
Interpretable Model-agnostic Explanations (LIME) analysis. LIME approximates the complex prediction
model locally with an interpretable linear surrogate, enabling transparent interpretation of individual
predictions.

Fig. 26 presents local explanation results for a diverse set of representative samples covering
different evaluation outcomes. Each subfigure corresponds to a single instance, where the horizontal
bars indicate the local contribution of specific feature conditions to the predicted overall evaluation
score. Positive contributions (blue) increase the predicted score, whereas negative contributions (red)
decrease it. Across samples with high evaluation scores, features such as high average score, strong
teacher—student relationship, sufficient student allowance, and positive supervisor professional ability
consistently exhibit strong positive contributions. In contrast, low-scoring samples are primarily driven by
unfavorable conditions in these same dimensions, particularly weak relational quality and low average
scores, which emerge as dominant negative contributors. This pattern highlights the asymmetric and
context-dependent influence of key predictors at the individual level.
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Figure 25: Comprehensive SHAP interaction and dependence analysis. (a) Feature interaction strength matrix based
on SHAP interaction values. (b)-(c) Representative interaction dependence plots illustrating conditional effects
between key features. (d)—(i) SHAP dependence plots showing nonlinear feature-response relationships for major
predictors.

Notably, the direction and magnitude of certain features, such as student allowance and institutional
encodings (e.g., school category, university, and department), vary substantially across instances. These
features rarely dominate predictions independently but instead act as modulators that amplify or attenuate
the effects of core academic and relational factors. This observation aligns closely with the interaction
effects identified in the SHAP-based global analysis.

Overall, the LIME results demonstrate that the predictive model exhibits coherent and interpretable local
behavior, with individual predictions driven by logically consistent combinations of features. The agreement
between global SHAP explanations and local LIME interpretations further reinforces the reliability and
transparency of the proposed explainable IMA framework.

Limitations. Despite the advantages of the above experimental procedure, this study has certain
limitations in terms of methodological scope. Specifically, the analysis is primarily based on quantitative
and machine learning techniques, which focus on pattern detection and feature importance rather than
deep contextual interpretation.

Mixed-method approaches that incorporate qualitative data, such as interviews [6] or narrative
analysis [17], may provide richer insights into the underlying causes of mentorship perceptions. Therefore,
future research could integrate qualitative methods with the proposed framework to further enhance
interpretability and contextual understanding,.
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Figure 26: Local Interpretable Model-agnostic Explanations (LIME) for representative individual samples. Each
subfigure illustrates the local feature contributions to the predicted overall evaluation score, where blue bars indicate
positive contributions and red bars indicate negative contributions.

6 Conclusion

In this study, we introduce a scalable and transparent framework, Interpretable Mentorship Analytics
(IMA), which is designed to decode the “black box” of SSR in Chinese postgraduate education using
large-scale anonymous evaluations. Motivated by the rapid expansion of graduate enrollment and the
accompanying intensification of supervisory power asymmetries, we address a key limitation of prior SSR
research: the difficulty of extracting generalizable, system-level mechanisms from small samples, linear
assumptions, or context-bound qualitative evidence. IMA integrates four sequential stages, large-scale
data acquisition, privacy-preserving preprocessing, LLM-ensemble feature engineering, and explainable
machine learning, into an end-to-end analytical pipeline. By consolidating multi-platform public reviews
into a cleaned and de-identified dataset, and transforming unstructured narratives into comparable
mentorship indicators, IMA enables quantitative analysis across institutions, disciplines, and regions while
minimizing risks to individual privacy. The use of gradient-boosting models (e.g., XGBoost and LightGBM)
provides strong capacity to capture non-linear dependencies and high-order interactions among mentorship
dimensions, especially the patterns that are often invisible to conventional regression-based approaches.
Crucially, IMA emphasizes interpretability as a first-class scientific objective. Through SHAP-based global
attribution and LIME-based local explanations, the framework produces multi-scale insights: (i) identifying
the most influential factors shaping overall mentorship outcomes, and (ii) explaining heterogeneous
individual evaluations in a case-sensitive manner. By consolidating multi-platform public reviews into a
cleaned, de-identified dataset and transforming unstructured narratives into comparable indicators, IMA
enables quantitative analysis across institutions, disciplines, and regions while minimizing privacy risks.
Gradient-boosting models (e.g., XGBoost and LightGBM) capture non-linear dependencies and high-order
interactions among mentorship dimensions, patterns often invisible to conventional regression. Crucially,
IMA prioritizes interpretability, using SHAP-based global attribution and LIME-based local explanations
to produce multi-scale insights: identifying key factors shaping mentorship outcomes and explaining
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individual evaluations in a case-sensitive manner. The main contribution of this work is not the proposal of
a new standalone algorithm, but the construction of an integrated and explainable analytical framework
that expands SSR research toward large-scale, data-driven, and policy-relevant applications. Overall, IMA
offers a practical pathway for transforming anonymous evaluations into interpretable evidence, supporting
data-informed reforms aimed at building a healthier, more sustainable postgraduate research environment.
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