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ABSTRACT For recent college graduates, short adaptation periods and high turnover rates make
joint prediction of job satisfaction and turnover tendency important for universities and employers.
Existing methods usually predict satisfaction and turnover intention independently, thereby neglecting
their correlation. This paper proposes a Transformer-CRF joint prediction model to capture coupled
label relationships. Multi-source features, including categorical, numerical, and textual variables, are
integrated through PCA and gating mechanisms. A Transformer encoder captures global dependencies
among heterogeneous features, while a CRF layer models dependencies between nine satisfactionintention
combination states to reduce label inconsistency. Experiments based on questionnaire data from the
2023 graduating class show that the model achieves a 96.6% perfect match rate and 98.2% joint label
consistency, significantly improving prediction accuracy over baseline methods. The model also increases
the 6-month retention rate by 7.2%. These findings indicate that the proposed method effectively reveals
the association between job satisfaction and turnover intention and provides reliable decision support for
career-stability management, early warning of employment risk, and human-resource optimization.

INDEX TERMS college graduates, transformer-crf, joint prediction, job satisfaction, label consistency

I. INTRODUCTION

S the annual cohort of college graduates in China

continues its steady increase, the overall quality of
their initial employment has become a central concern
for society, employers, and the graduates themselves; this
is particularly pertinent in labor-intensive sectors such as
the industry, where high operational demands and market
volatility often influence early career experiences. Given
this context, indicators such as job satisfaction and turnover
tendency are crucial metrics for assessing an employee’s
subjective experience and an organization’s stability, directly
impacting long-term organizational performance and signif-
icant human resource costs [1-3].

This paper aims to construct a joint model that can
simultaneously predict the job satisfaction and turnover
tendency of college graduates, solving the problems of
insufficient correlation modeling and difficulty in capturing
long-distance dependencies between the two. This paper
normalizes, embeds, and gates the heterogeneous features
of graduates’ categories, scales, and texts to ensure that
the model can still effectively capture the long-distance
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dependency of features when the initial data is small.
The fused features are sent to a multi-layer Transformer
encoder to extract the global context representation. Fi-
nally, a CRF decoder is added to the top layer to jointly
optimize the emission score and transfer matrix of the
label to alleviate the label conflict problem and ensure
the consistency between labels. The experiment is verified
on 2512 graduate questionnaire data. The predictive model
demonstrates strong performance, achieving a 96.6% joint
label complete match rate, a high 95.6% prediction F1 score,
and a low 1.8% label conflict rate, alongside a 0.60 MI
(Mutual Information) index which quantifies the strong co-
dependence captured between satisfaction and turnover.

Il. RELATED WORK

At present, there have been many explorations on the
prediction of job satisfaction of college graduates. Gupta
A et al. used structural equation model to reveal the mecha-
nism of action between psychological capital, psychological
contract fulfillment, and organizational citizenship behav-
ior, and further constructed a satisfaction prediction model
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through random forest regression technology, verifying the
value of machine learning in mining hidden features that
are easily overlooked by traditional methods [4]. Based
on a survey of 534 graduates from 11 Chilean universi-
ties, Espinoza O et al. used sequential logistic regression
to quantitatively analyze the relationship between socio-
demographic characteristics, degree matching, income level,
and job satisfaction, and proposed that gender, horizontal
matching, and salary level are important variables affecting
satisfaction [5]. The above studies all focus on a single
job satisfaction model, without simultaneously considering
the turnover tendency of early-career college graduates,
nor exploring the intrinsic relationship between satisfaction
and turnover tendency within the same framework. Many
scholars have conducted research on the prediction of the
turnover tendency of college graduates and have achieved
some results. Liu M et al., based on the enhanced random
forest model, optimized the imbalanced sample processing
and revealed key influencing factors such as income level,
job satisfaction, job opportunities, and matching degree
for the turnover situation of 17,268 Chinese graduates.
However, they only independently predicted the turnover
rate and did not consider the interaction between satisfaction
and tendency [6]. Ma D and other scholars used XGBoost
and SMOTE to predict employee turnover, achieving an
accuracy of 87.33%, but failed to specifically target college
graduates as research subjects [7]. Existing research has
made many breakthroughs in algorithm innovation, feature
engineering, and imbalance processing, but most of them
only predict the single dimension of turnover tendency,
fail to jointly model job satisfaction and turnover tendency
of early-career college graduates, and fail to capture the
inherent coupling relationship between the two. In addition,
models such as XGBoost have a weak ability to capture
long-term dependencies [8,9].

Ill. CONSTRUCTION OF TRANSFORMER-CRF JOINT
PREDICTION MODEL
A. MULTI-SOURCE FEATURE FUSION
The experimental data in this paper is multi-source het-
erogeneous data of college graduates, including category
features, numerical features, and text features. The three
features are mapped to the same representation space, which
facilitates the Transformer-CRF model to capture long-
distance dependencies and label coupling relationships in
parallel.

For the category vector of each sample, a learnable
embedding matrix is used for mapping, as shown in Formula

(1).

e; = Wer$™ + b, (1)

In Formula (1), ei represents the category vector; We
represents the learnable embedding matrix; be represents
the bias vector.
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For numerical features, zero mean unit variance normal-
ization is used, and the calculation is shown in Formula (2).

num
€T: —

A?um i 1% (2)
g

In Formula (2), z;""™ represents the numerical feature;

1 represents the mean of the feature in the training set; o
represents the standard deviation.

In text feature processing, this paper directly uses TF-
IDF (Term frequency-inverse document frequency) vectors,
which is prone to high-dimensional sparseness. To improve
computational efficiency, principal component analysis di-
mensionality reduction processing is used, as shown in
Formula (3).

pi= Ut 3)

In Formula (3), U " represents the feature vector matrix
of the principal components of the previous embedding
dimension; xg"t represents the text feature; p; represents
the text feature after dimensionality reduction.

The three types of features are mapped to the same

dimension, as shown in Formula (4).

h;':at = Weei + be7
h;zluIIl — Wni,;zluIIl + bn7 (4)
h{*t = Wip; + by.

In Formula (4), be, bn, and bt represent the biases
corresponding to the three types of features, respectively.

To enhance the information interaction between different
modalities, the final fusion vector z; is calculated by gated
fusion [10,11], as shown in Formula (5).

w; = o (W, [h§?Y; kv Y +b,,)
hi = tanh(W),[hSat; prum. pixt] b,y (5)
Zi =u; © hgat + (]. — Ui) ® fALZ

In Formula (5), o represents element-by-element Sig-
moid; © represents element-by-element product; wu; rep-
resents gated coefficient; W, and W; represent weight
matrices.

After fusion of features, this paper performs batch nor-
malization on z;, as shown in Formula (6).

IS 2711 R ©)
Varp[z] + €

In Formula (6), EB and VarB represent the mean and
variance of the current mini-batch, respectively; v represents
a learnable scaling parameter; 7 represents a translation
parameter; e represents a small constant to prevent the
value from being zero. Finally, a feature matrix Z with
unified dimension and integrating multi-source information
is obtained.

This paper maps multi-source features to the same di-
mension before inputting them into the Transformer. Text
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features are first vectorized using TF-IDF to obtain a high-
dimensional sparse representation, then PCA is used to
reduce the dimensionality to the same dimension as the cate-
gorical and numerical features (d-dimensional embedding).
Categorical features are mapped to d dimensions using a
learnable embedding matrix, while numerical features are
standardized and linearly mapped to d dimensions. Before
gated fusion, the three types of features are superimposed
according to their corresponding element positions. Learn-
able gating coefficients control the weights of different
modal information, resulting in the final fused vector Z,
which serves as the input sequence features to the Trans-
former.

B. TRANSFORMER MODEL

1) Position Encoding Superposition

To retain the sequence order information, this paper adds
the learnable position encoding to the feature matrix. The
initial input expression is shown in Formula (7).

XO=-z4+p (7)

In Formula (7), X(© represents the initial input, and P
represents the learnable position encoding vector.

2) Multi-head Self-attention

In the Transformer model [12,13], each layer includes a
multi-head attention and a feedforward network. The study
first maps the output of the Ith layer to query, key, and value,
as shown in Formula (8).

lel) = X(l—l)W}?’
K = xU-DwK, ®)
v = xt=Dwy.

) represents

In Formula (8), QS) represents query; K ,(Ll
key; Vh(l) represents value. h represents the number of
attention heads.

The calculation of the attention of each head is shown in

Formula (9).

(l)(K(l))T
AQY, KV, V) = softmax | <222 ) ) (9)
h h h \/(Tk h

In Formula (9), A( g), K }(11)7 Vh(l)) represents the atten-
tion output result of each head.

After the outputs of the H heads are concatenated by
column, they are mapped through a linear layer, as shown
in Formula (10).

MO = [heady;...;head]W?, head; = Attention(-)
) (10)
In Formula (10), M represents the output after map-

ping.
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After mapping, this paper performs residual connection
and layer normalization processing, as shown in

S = LayerNorm (X(l_l) + DTOPOUt(M(l))) (In

In Formula (11), LayerNorm represents layer normaliza-
tion, and Dropout represents random inactivation.

For the multi-source feature input constructed in this
paper, although its essence is structured vectors rather
than traditional text sequences, the self-attention mechanism
has significant advantages over standard fully connected
layers. Self-attention can perform weighted interactions on
all dimensions of the input vector within the same layer,
capturing global dependencies between different features,
while fully connected layers can only learn local linear
combinations. The multi-head mechanism allows the model
to focus on multiple feature subspaces in parallel, improving
its ability to model potential nonlinear relationships in
heterogeneous data. Finally, through residual connections
and layer normalization, the self-attention module can stably
train deep networks, obtaining richer joint representations
when fusing categorical, numerical, and textual features.
These characteristics make the Transformer architecture
more expressive and generalizable than traditional fully
connected layers when processing multi-source structured
data.

3) Feedforward Network

This paper performs a position-by-position two-layer full
connection transformation on S®), as shown in Formula
(12). After repeating the steps for L layers, H is output.

0 — (037740 ) @) @)
{F ReLU(S w4 b )W2 o

X = LayerNorm (S + Dropout(F®")) .

In Formula (12), Wl(l) and WQ(Z) represent the weight
matrices of the first and second layers, and bgl) and bél)
represent the corresponding bias terms. In this model, the
"sequence” does not refer to the time dimension or text
tag sequence, but rather to the feature sequence formed by
expanding the fused feature vector Z of a single sample
into its dimensionality. The d-dimensional feature vector
Z obtained by gated fusion in this paper is reconstructed
into a feature sequence of length d (N=d), where each
"time step”" t corresponds to one dimension of the feature
vector. This design enables the Transformer to model higher-
order interaction relationships between feature dimensions,
rather than traditional temporal dependencies. The positional
encoding PE(t) provides the model with relative positional
information of feature dimensions, helping to distinguish the
semantic roles of different feature channels. The "sequence”
in the CRF layer specifically refers to the logical transition
relationship between the nine joint label states. Its transi-
tion probability is modeled through a learnable matrix A,
ensuring that the prediction results conform to the inherent
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logical constraint of "satisfaction-turnover intention" (such
as avoiding unreasonable jumps such as "high satisfaction-
high turnover intention"), rather than continuous observation
of samples on the time axis. This two-layer sequence
modeling mechanism (feature dimension sequence + label
state sequence) effectively solves the joint optimization
problem of feature interaction and label coupling in static
questionnaire data.

C. CRF MODEL
1) Label State Definition and Emission Score Calculation
This paper applies the CRF model [14,15] to avoid the
logical contradiction caused by independent classification by
globally modeling the dependency between label sequences.
The sequence length is N; the number of joint states is M;
the Cartesian product of the three levels of job satisfaction
and the three levels of turnover tendency is 9.

The study uses linear mapping to project ht onto an M-
dimensional emission vector, as shown in Formula (13).

€t = Wcht+bc (13)

In Formula (13), Wc represents the emission weight
matrix; bc represents the emission bias vector; et represents
the emission score of the state at time t.

To ensure clarity in the state definitions and transition re-
lationships of the CRF layer, this study lists nine joint states
of job satisfaction and turnover intention as shown in Table
1. The CRF layer encodes the legitimate combinations of
labels through a learnable state transition matrix, penalizing
unreasonable jumps (such as jumping directly from "high
satisfaction - low turnover intention" to "low satisfaction -
high turnover intention"), thus ensuring the logical consis-
tency and rationality of the sequence prediction results.
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TABLE 1. Joint Label Definitions for Job Satisfaction and Turnover Intention

Joint state Job Satisfaction Turnover Tag Description

number tendency

1 High Low High satisfaction
- low turnover
intention

2 High Medium High satisfaction
- medium
turnover intention

3 High High High satisfaction
- high turnover
intention

4 Medium Low Medium
satisfaction - low
turnover intention

5 Medium Medium Medium
satisfaction -
medium turnover
intention

6 Medium High Medium
satisfaction - high
turnover intention

7 Low Low Low satisfaction -
low turnover
intention

8 Low Medium Low satisfaction -
medium turnover
intention

9 Low High Low satisfaction -

high turnover
intention

This study defines "high job satisfaction - high turnover
intention" and "low job satisfaction - low turnover intention"
as potential conflict combinations, not based on absolute
value judgments, but on statistical patterns observed in
recent graduates . In the 2512 samples tested, only 3.2%
of the cases belonged to the "high job satisfaction - high
turnover intention" pattern, and 2.7% belonged to the "low
job satisfaction - low turnover intention" pattern. This low-
frequency phenomenon is consistent with the theoretical
framework; in the early career stages of labor-intensive
industries, job satisfaction and turnover intention are typ-
ically strongly negatively correlated. The transition matrix
A of the CRF learns these statistical patterns through a
data-driven approach, rather than by pre-setting rigid rules.
During optimization, the transition scores are automatically
adjusted by gradient updates, allowing the model to retain
rare but reasonable combinations based on the strength of
evidence. The use of "potential conflict" in this paper ac-
knowledges the complexity of the situation (such as family
factors, career planning, etc.). When external conditions
change (such as feature loss), the model automatically
reduces the penalty intensity for these combinations; this
design balances industry statistical patterns with individual
differences. The joint label definitions for job satisfaction
and turnover intention are shown in Table 1.

The parallel emission matrix of the entire sequence is
expressed as shown in Formula (14).

E =le;...;en] (14)

In Formula (14), E represents the entire emission matrix.

VOL. 15, NO. 3, AUGUST 2026



F. Rao et al.

JOURNAL
¢ ORG

AE

This study uses CRF not to model time-series dependen-
cies, but to structurally model the logical constraints of static
joint labels. Although job satisfaction and turnover intention
are static variables, they exhibit a strong negative correla-
tion; high satisfaction typically corresponds to low turnover
intention, and vice versa. This inherent logical relationship
means that the nine joint states are not equally probable:
reasonable states (such as "high satisfaction - low turnover
intention") should be encouraged, while contradictory states
(such as "high satisfaction - high turnover intention") are
rare in reality and should be penalized. The transition matrix
A of the CRF does not capture temporal dynamics, but
rather encodes the semantic compatibility rules between
labels, avoiding logical conflicts caused by local predictions
through global optimization.

2) Transfer Score and Conditional Probability
In the CRF model of this paper [16,17], the learnable
transfer matrix is optimized by gradient update, encoding
the legal combination between labels and penalizing un-
reasonable jumps, representing the score from one state to
another.

The calculation of the overall score is shown in Formula
(15).

N
SCH,y) =D (Aye e +eelul) (15)
t=1

In Formula (15), s(H,y) represents the overall score; et[yt]
represents the emission score of the label yt assigned at time
t; y represents the label sequence. Based on the calculation
of the overall score, the conditional probability calculation

is performed, as shown in Formula (16).

exp(s(H,y))
dey exp(s(H, 7))

In Formula (16), Y represents the set of all possible label
sequences, and p(ylH) represents the conditional probability.

ply | H) = (16)

3) Log-Likelihood Loss
During training, the negative log-likelihood loss is mini-
mized, and the calculation is shown in Formula (17).

Lerr = —logp(y" | H) = —s(H,y*) +log Z(H) (17)

In Formula (17), LCRF represents the negative log-
likelihood loss. The calculation of log Z (H) in Formula
(17) is shown in Formula (18).

Z(H) =" exp(s(H,)) (18)
yey
In Formula (18), Z(H) represents the normalization con-
stant.
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4) Viterbi Decoding

In the prediction stage, this paper uses the Viterbi dynamic
programming algorithm [18,19] to find the optimal path, and
the steps are shown in Formulas (19) to (21).

01(§) = Ao, +eld], ¥i(j)=0 (19)

5(j) = 122}1(\4 (0i—1(3) + Asj +e]),

(20)
Pi(j) = arg max (0e—1(7) + Aij)

Yy = arg max on(7),

t=N-1,...,1

21
yi = i1 (Yiin),

0¢(7) represents the optimal cumulative score of the final
state j at time t; ¢;(j) represents the backtracking pointer;
y; represents the final output optimal label sequence. The
visualization of the optimal path found by the Viterbi
dynamic programming algorithm is shown in Figure 1.

In Figure 1, the cumulative score distribution and optimal
path decision process calculated by the Viterbi algorithm on
a sequence of length T are shown. The grayscale waterfall
matrix in Figure 1 corresponds to the cumulative score 4(j,t)
for each time step t and state j. The darker the color, the
higher the score. The light blue arrows mark the transition
decisions from the previous state i to the current state j in
an interval manner. The direction and length of the arrows
reflect the flow and weight of the transition score A(i,j) in
the dynamic programming process. The red broken line and
circular mark highlight the optimal state path y* selected
at each time step in the final Viterbi decoding, and mark
the state index at the node, which intuitively presents how
the model balances the emission score and the transition
score in the global optimal framework and selects the label
sequence with the highest overall score.

D. MODEL FUSION

In this study, the model fusion adopts a hierarchical cascade
method, using the Transformer module as a feature encoder,
which is responsible for context dependency modeling of
the input multi-source data and outputting the deep repre-
sentation vector of each time step. Process: after completing
feature embedding and position encoding, Transformer mod-
els the input sequence through a multi-layer encoder and
outputs a feature representation sequence containing global
dependency information. This sequence is used as the input
of the CRF layer to provide sufficient contextual semantic
support for subsequent label decoding. The structure of the
Transformer-CRF joint prediction model is shown in Figure
2.

In Figure 2, the fused input sequence is fed into the
stacked multi-layer Transformer encoder, which captures
the global contextual relationship through the multi-head
self-attention mechanism and outputs a high-dimensional
representation. The CRF decoder constructs the emission
score based on H and combines the label transfer matrix
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Viterbi dynamic programming cumulative score and optimal path

Time step t

FIGURE 1. Visualization of the optimal path for the Viterbi dynamic programming algorithm
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FIGURE 2. Transformer-CRF joint prediction model structure

A, and the Viterbi algorithm is used to infer the optimal
label path to achieve joint prediction of job satisfaction and
turnover tendency.

E. JOINT TRAINING AND OPTIMIZATION

After completing the model structure design, the experiment
adopts an end-to-end joint training strategy, while minimiz-
ing the CRF negative log-likelihood and single-task cross-
entropy loss, and combines regularization with adaptive
learning rate scheduling to ensure that Transformer-CRF is
both globally consistent and can achieve stable convergence
when jointly predicting two types of labels: job satisfaction
and turnover tendency.

1) Loss Function Design

The experimental loss function includes CRF negative log-
likelihood and single-task cross-entropy loss. The negative
log-likelihood loss of the CRF is shown in Formula (17).
The expressions of the single-task cross entropy loss are
shown in Formulas (22) and (23).
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T = Mlog(p™) ()

Lsatis = -

Z|~
M=
Mw

~
Il
-
=~
Il

1

3
DTy = klog(piy™)  (23)
1 k=

Lturn

ZIH
M=

&~
Il
_

I represents the indicator function; y5** and y!"'™™ rep-
resent the true satisfaction and turnover tendency labels,
respectively; pia,z‘s and ﬁgug“ are the Softmax probabilities
corresponding to the k classes. The total joint loss is shown

in Formula (24).

A
L = aLcry + Bi1Lsatis + B2Lce + §H@||§ (24)

a, (1, and 2 represent the weight hyperparameters of
the CRF and the two single-task cross entropy losses,
respectively. A\ represents the L2 regularization parameter,
and O represents the set of all learnable parameters.
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2) Joint Optimization

This paper uses the AdamW optimizer for training opti-
mization [20-22], and the update rule is shown in Formula
(29).

= Oy —
Vi + e
In Formula (25), 7; represents the learning rate; €;
represents the smoothing constant; m; and v, represent the
first-order and second-order moment estimates, respectively.
To speed up the training, the linear warm-up + cosine
annealing strategy is used to adjust the learning rate, as
shown in Formula (26).

O (25)

t

t S Twarnlupy

Tlmax s
Twarmup

Ny = Tmin + 5(77max - nmin)

t > 1T, .
7T(t _ Twarmup) )) warmup
X(1l+cos| ——
< (Ttotal - Twarmup
(26)

In Formula (26), T'yarmup represents the number of warm-
up steps; Tiotal represents the total number of training steps;
Nmax and Mmin represent the initial maximum learning rate
and minimum learning rate, respectively.

To prevent gradient explosion, the experiment performs
global norm clipping on all parameter gradients and applies
Dropout and LayerNorm after the Transformer and CRF
emission layers to enhance the robustness of the model. The
experimental training hyperparameters are shown in Table
2.

TABLE 2. Experimental training hyperparameters

Parameters Value
Learning rate 0.0003
Batch size 32
Maximum number of training epochs 20
Number of Transformer layers 6
Number of attention heads 8
Hidden dimensions 256
Dropout probability 0.1
CREF label set size 9
Optimizer AdamW
Weight decay 0.01

IV. JOINT PREDICTION EXPERIMENT OF JOB
SATISFACTION AND TURNOVER TENDENCY OF
COLLEGE GRADUATES

A. EXPERIMENTAL DATA

The experimental data of this paper comes from the on-
line employment satisfaction and turnover tendency survey
conducted by Nanjing University’s 2023 graduates, and
a total of 2,512 valid questionnaires are collected. The
data types include category feature data, numerical fea-
ture data, and text feature data. In the category feature
data, there are 6 fields, including gender (male/female),
major category (science/literature/business/arts), education
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level (undergraduate/master/doctor), and position type (tech-
nology/management/sales/administration), Company type
(state-owned enterprise/private enterprise/foreign-invested
enterprise/public institution) and work location (eastern
coastal/central/western region). In the numerical feature
data, there are 7 scale scores, each with a score of 1-5. Other
indicators include age at work (months), monthly salary
level (thousands of yuan), and average weekly overtime
hours (hours). In the text feature data, there are 5,024 short
texts, including graduates’ self-reports on their onboard-
ing experience, team atmosphere, and career development
expectations. The text feature data design provided each
graduate with two independent short texts: the first required
a description of "the most profound work experience within
the first three months of employment" (average length 68
words), and the second required an explanation of "the
most critical factor affecting job stability" (average length
72 words). Therefore, 2512 valid questionnaires generated a
total of 5024 short texts, covering graduates’ self-evaluations
of their onboarding experience, team atmosphere, and career
development expectations.

The seven scales used in this paper are: (1) the
short version of the Minnesota Job Satisfaction Scale
(MSQ), which measures internal/external satisfaction («
= 0.87); (2) the Mobley Turnover Intention Scale, which
includes three items to measure the willingness to leave
a job voluntarily (o = 0.82); (3) the Luthans Psy-
chological Capital Scale (PCQ-24), which assesses self-
efficacy/hope/resilience/optimism (o = 0.89); (4) the Meyer
Affective Commitment Scale, which measures organiza-
tional attachment strength (o = 0.85); (5) the Occupational
Identity Scale, which assesses professional identity (o =
0.79); (6) the Perceived Work Stress Scale (PSS-10), which
measures role conflict and workload (o = 0.83); and (7) the
Perceived Pay Fairness

Scale, which includes three dimensions: distribu-
tional/procedural/interactional fairness (o = 0.86). All scales
used a S5-point Likert scale (1 = strongly disagree, 5
= strongly agree), with scoring rules following industry
standards: 1-2 points were defined as "low", 3 points as
"moderate"”, and 4-5 points as "high". Pre-testing of the
scales was conducted with 200 non-sample graduates, and
confirmatory factor analysis showed good fit indices for each
scale (CFI > 0.93, RMSEA < 0.07).

This study strictly adhered to research norms, and all
participants signed electronic informed consent forms before
completing the questionnaires. The sampling framework
covered 6,823 graduating students from all 12 faculties of
Nanjing University in 2023, employing a stratified random
sampling strategy: first stratified by academic discipline (sci-
ence/literature/business/arts), and then allocating the sample
size proportionally by department size. The questionnaires
were distributed in three rounds (7-day intervals) through the
official platform of the university’s Career Guidance Center,
ultimately collecting 3,148 responses. After rigorous quality
control (completion rate <85%, logical contradictions >3,
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open text <20 characters or duplication rate >30%), 636
invalid questionnaires were eliminated, resulting in an ef-
fective response rate of 36.8%. A privacy protection mech-
anism was specifically implemented for text data collection,
automatically masking sensitive information such as ID
numbers, mobile phone numbers, and specific salary figures.
Two research assistants cross-verified the anonymization
effect. The final text database was stored on the university’s
internal server using hash encryption, retaining only the
semantic feature vectors required for analysis. The original
text was permanently deleted within 72 hours after feature
extraction. The sample characteristic distribution was not
significantly different from the population distribution by the
chi-square test (p > 0.05), ensuring the representativeness of
the data.

B. DATA PREPROCESSING

The experiment fills and removes missing values and out-
liers in the original questionnaire. To strictly avoid data
leakage, all missing value imputation was performed inde-
pendently within a 10-fold cross-validation framework. In
each fold experiment, the similarity matrix of the KNN (K-
Nearest Neighbor) interpolator was calculated using only the
current training set (90% of the samples), and the missing
values in the test set (10% of the samples) were imputed
using the statistical features of the training set. For missing
numerical features in the training set, the KNN interpolator
(nearest neighbor count k = 5) was used to find the 5
most similar complete samples in the same batch based
on Euclidean distance for mean imputation. For missing
values in the test set, linear interpolation was performed
using the standardized mean and standard deviation of the
corresponding features from the training set.

This paper uses the Jieba Chinese word segmentation
tool to segment 5,024 short texts and uses the stop word
list to remove high-frequency non-informative words. Based
on TF-IDF, 2,000-dimensional sparse feature vectors are
extracted, and PCA is used to retain the principal com-
ponents with a cumulative variance contribution of 95%,
reducing the feature dimension to 200.All dimensionality
reduction parameters (PCA principal component vectors)
are calculated only on the training set, and the test set
features are transformed through the same projection matrix
to ensure the unbiasedness of the evaluation results.

C. EXPERIMENTAL PLAN

To comprehensively evaluate the performance of the model
in the joint prediction task of job satisfaction and turnover
tendency of college graduates, this study uses ten-fold cross
validation to divide the data into training and test sets. To
ensure fairness in the comparison, all models were trained
on the same multi-source fusion features. First, a standard-
ized feature matrix Z of uniform dimension was generated.
For models originally designed for plain text (such as
RoBERTa-CRF), their input layer structure was modified
by removing the original word embedding layer. The fusion
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features Z were then mapped to the model’s desired hidden
dimension (256-dimensional) via linear projection, while
retaining the pre-trained Transformer parameters for fea-
ture enhancement. Non-sequence models such as XGBoost
directly received Z as the input vector. BILSTM variants
also received a serialized representation of Z (expanding
the 256-dimensional features into a sequence of length
256). All models underwent 10-fold cross-validation under
the same training/test split, and hyperparameter optimiza-
tion was strictly limited to the training set.All compari-
son models, including XGBoost based on gradient boost-
ing, single-task models using only Transformer encoders,
BiLSTM-CRF, RoBERTa-CRF (Robustly Optimized Bidi-
rectional Encoder Representations from Transformers Pre-
training Approach-Conditional Random Field), BiLSTM-
CRF-CNN, and Transformer-CRF in this paper, are trained
under the same data partitioning and preprocessing process
to ensure the comparability of results. The hyperparameter
search uses a combination of grid search and Bayesian
optimization to determine the optimal learning rate, hidden
layer dimension, regularization coefficient, and Dropout
rate for each model. The benchmark models selected in
this paper include XGBoost, Transformer, BiLSTM-CRF,
RoBERTa-CREF, and BiLSTM-CRF-CNN, primarily for two
reasons. XGBoost is a commonly used high-performance
non-sequence HR prediction method that reflects the ad-
vantages of traditional machine learning in feature pro-
cessing. Transformer, BiLSTM-CRF, and RoBERTa-CRF
are typical sequence modeling methods, widely used in
text and behavioral sequence analysis, and can capture the
temporal dependence features of employee satisfaction and
turnover intention. Therefore, these models represent both
the mainstream methods of current non-joint prediction
and typical deep sequence models, providing a reasonable
and representative reference for the joint prediction method
proposed in this paper.

D. EVALUATION INDICATORS
The complete match rate is shown in Formula (27).

N
1

EMR = — 1(9; = ys 27

¥ ; (9 = i) 27)

In Formula (27), y; represents the predicted joint label,

and y; represents the actual joint label. The label conflict
rate is shown in Formula (28).

N
1

LCR=—=>» I(g;eC 28

N; (5 € C) 28)

In Formula (28), C represents the predefined “conflicting”

joint label set (unreasonable combinations such as “high

satisfaction-high turnover tendency’)
The joint label consistency rate is shown in Formula (29).

N
1 .
JCR = ¥ ;:1 I(g; € L) (29)
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In Formula (29), L represents the set of all legal (non-
conflicting) joint labels.
The inter-label dependency MI is shown in Formula (30).

( P(Saksth) )

P(Sa,k)p(th)
(30)

In Formula (30), Sa represents the satisfaction label, and

TL represents the turnover tendency label. Cohen’s Kappa
coefficient is shown in Formulas (31) and (32).

K L
Sa,TL ZZZZ) Sak,tll

k=11=1

:po—pc
]-_pc

€29

= ), pi(?\,) (%) 62

N
o= 210
i=1 =
po represents the observed consistency rate; pc represents
the random consistency rate; nu represents the number of
samples in the test set whose true label is equal to the u-th
class; mu represents the number of samples in the test set
whose predicted label is equal to the u-th class.

V. JOINT PREDICTION RESULTS OF JOB
SATISFACTION AND TURNOVER TENDENCY

A. CONFUSION MATRIX

All experimental results were generated based on a rigorous
10-fold cross-validation framework. The original dataset
(2512 samples) was divided into 10 subsets using stratified
sampling: 6 folds (252 samples) and 4 folds (251 samples)
(total 2512). In each fold experiment, 9 folds (226041
samples) were used as the training set for model training
and hyperparameter tuning (internally further divided into
8:1 ratios for early stopping), and the remaining 1 fold
was used as an independent test set for evaluation. All
metrics in the experimental report are macro-means of the
10-fold test results. Note: The confusion matrix is visualized
using the 7th fold (252 samples) as an example, as its class
distribution is closest to the overall dataset (chi-square test
p = 0.92), but quantitative analysis is still based on the 10-
fold average results. This design ensures statistical rigor
while enhancing the interpretability of the results through
visualization of typical folds. On the test set (252 samples),
the prediction results of the model are intuitively presented
through the confusion matrix to show the classification
performance of each joint label. The confusion matrix is
shown in Figure 3. In Figure 3, the categories include high
satisfaction-low tendency (45), high satisfaction-medium
tendency (30), high satisfaction-high tendency (15), medium
satisfaction-low tendency (50), medium satisfaction-high
tendency (20), medium satisfaction-medium tendency (41),
low satisfaction-low tendency (30), low satisfaction-medium
tendency (15), and low satisfaction-high tendency (6). The
horizontal direction represents the predicted label, and the
vertical direction represents the actual label.
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In the 252 samples in the test set of Figure 3, the model
performs well for most common categories. There are 45
actual samples in the “high satisfaction-low tendency” cate-
gory, of which 35 are correctly predicted, with an accuracy
of 77.8%; 36 out of 50 samples of “medium satisfaction-
low tendency” are correctly predicted, with an accuracy
of 72.0%; 30 out of 41 samples of “medium satisfaction-
medium tendency” are correctly predicted, with an accuracy
of 73.2%. For categories with fewer samples, such as
“high satisfaction-high tendency” and “ow satisfaction-high
tendency”, the number of correct predictions is 11 and 4,
respectively, corresponding to accuracy rates of 73.3% and
66.7%. Overall, the average accuracy rate of categories with
larger sample sizes (> 30) is about 72.6%, while the average
accuracy rate of categories with smaller sample sizes (< 15)
is only about 68.9%, which shows a certain decline in cold
category performance.

The sample size of each joint label is unevenly dis-
tributed. The number of samples of the category with
mixed tendency of medium satisfaction and high satisfaction
is relatively small. There are only 15 samples of “high
satisfaction-high tendency”. Due to the small number of
corresponding gradient updates during training, the model
is difficult to fully learn the discriminant features of this
category, resulting in 2 cases being misjudged as “medium
satisfaction-high tendency” and 1 case being judged as “high
satisfaction-medium tendency”. There are only 6 samples
of “low satisfaction-high tendency”; the remaining 1 case is
misjudged as “medium satisfaction-high tendency”, and 1
case is “low satisfaction-medium tendency”. This inaccurate
estimation of intra-category variance caused by the scarcity
of samples makes the model fluctuate more on the boundary
features.

B. JOINT PREDICTION PERFORMANCE
The comparison results of the joint prediction performance
of each model on the test set are shown in Figure 4.

In Figure 4, in terms of complete match rate and joint pre-
diction precision, XGBoost only reaches 82.3% and 85.1%,
respectively, while Transformer-CRF increases to 96.6%
and 96.1%, respectively, an increase of 14.3% and 11.0%
compared with XGBoost. BILSTM-CRF-CNN achieves a
complete match rate of 93.4% and a precision of 94.0%,
and RoBERTa-CRF achieves a complete match rate and
precision of 91.5% and 93.2%, respectively. It can be seen
that the Transformer-CRF prediction output has the best
proportion of completely correct matching labels and the
best prediction precision.

In terms of joint recall and joint prediction F1 indi-
cators, XGBoost is 83.8% and 84.4%, respectively, while
Transformer-CRF is 95.2% and 95.6%, an increase of about
11.4% and 11.2%. Transformer has a recall of 88.1% and
F1 of 88.8%; BIiLSTM-CRF-CNN is 92.8% and 93.4%;
RoBERTa-CRF is 91.9% and 92.5%.
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FIGURE 4. Joint prediction performance

C. JOINT LABEL CONSISTENCY
To evaluate the consistency of joint labels, the experiment

TABLE 3. Joint label consistency results

30

20

10

COLlntS the label ConﬂiCt I'ate and the jOint label COHSiS- Model fuél;el conflict rate Jointklabel e Imer—lz:bel e Kappa coefficient
tency rate, and calculates the inter-label dependency MI 0 M
and Kappa coefficient to measure the correction effect of X% o o ot ose
annotation alignment and random consistency. The results BILSTM-CRE 63 93.5 04 078
.. . . RoBERTa-CRF 4.1 95.9 0.5 0.83
of joint label consistency are shown in Table 3. BILSTM-CRF- 33 96.7 05 0386
Transformer-CRF 1.8 98.2 0.6 0.89
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In the comparison of label conflict rate and joint label
consistency rate in Table 3, XGBoost has the highest
conflict rate of 12.3%, and the corresponding consistency
rate is only 87.7%, indicating that more than 10% of
the predictions fall into unreasonable combinations outside
the predefined “high satisfaction-high tendency” or “low
satisfaction-low tendency”. Transformer has a conflict rate
of 8.2% and a consistency rate of 91.8%, while other mod-
els BiLSTM-CRF (6.5%, 93.5%), RoBERTa-CRF (4.1%,
95.9%), and BiLSTM-CRF-CNN (3.3%, 96.7%) are all
worse. Transformer-CRF reduces the conflict rate to 1.8%
and increases the consistency rate to 98.2%, which shows
that almost all predictions meet the logical rationality be-
tween “satisfaction-tendency”.

In terms of the inter-label dependency MI and Kappa
coefficient, XGBoost’s MI is only 0.30, and Kappa is 0.66,
indicating that the dependency between its predicted labels
and true labels is weak, and the consistency with random
predictions is low. Transformer has an MI of 0.40 and a
Kappa of 0.74, while BILSTM-CRF and RoBERTa-CRF
achieve MI 0.40/0.50 and Kappa 0.78/0.83, respectively;
BiLSTM-CRF-CNN achieves MI 0.50 and Kappa 0.86. The
Transformer-CRF model achieves MI 0.60 and Kappa 0.89,
which shows that the model not only better captures the
joint distribution characteristics of the “satisfaction” and
“turnover tendency” labels in a statistical sense, but also
makes significant progress in correcting random consistency.

D. COMPARISON OF SINGLE-TASK CLASSIFICATION
PERFORMANCE
At the single-task classification level, to further compare
the performance of the models on their respective subtasks,
the accuracy, precision, recall, and F1 of the two indicators
of job satisfaction and turnover tendency are evaluated,
respectively, and the results are shown in Figure 5.

Figure 5(a). Job satisfaction classification performance

Figure 5(b). Turnover tendency classification performance

In the job satisfaction subtask in Figure 5(a), XGBoost’s
accuracy is only 81.7%; precision is 83.2%; recall is 80.5%;
F1 value is 81.8%. The Transformer-CRF model achieves
94.5% accuracy, 95.0% precision, 94.0% recall, and 94.5%
F1, which are 12.8, 11.8, 13.5, and 12.7 percentage points
higher than XGBoost, respectively. ROBERTa-CRF (91.3%,
92.0%, 90.6%, 91.3%) and BiLSTM-CRF-CNN (92.0%,
92.7%, 91.2%, 92.0%) also exceed 90%, indicating that
the Transformer-CRF model has strong complex features
and sequence dependency modeling capabilities in job sat-
isfaction prediction, and the overall performance has been
greatly improved. In the turnover tendency subtask in Figure
5(b), the baseline XGBoost index is slightly lower than
the satisfaction prediction, with an accuracy of 79.3%,
a precision of 80.1%, a recall of 78.4%, and an F1 of
79.2%. Transformer-CRF model also achieves significant
improvements on this task, reaching 93.2% accuracy, 93.8%
precision, 92.6% recall, and 93.2% F1, which are 13.9,
13.7, 14.2, and 14.0 percentage points higher than XGBoost,
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respectively. ROBERTa-CRF (89.5%, 90.1%, 88.8%, 89.4%)
and BiLSTM-CRF-CNN (90.8%, 91.4%, 90.2%, 90.8%)
achieve good results, but are still slightly worse than the
performance of satisfaction prediction, reflecting that the
label signal of turnover tendency is more dispersed and more
dependent on the deep fusion of multi-source heterogeneous
features.

E. ATTENTION WEIGHT DISTRIBUTION

To show the difference in the degree of attention paid to
each feature in the joint prediction task, the key influencing
factors are analyzed. The distribution of attention weights
of the Transformer multi-head attention mechanism on dif-
ferent feature dimensions is shown in Figure 6.

Figure 6(a). Attention heat map

Figure 6(b). Average attention bar graph

The model’s attention heat map (Figure 6a) shows sig-
nificant differences in how attention heads focus on fea-
tures, confirming that different heads capture distinct fea-
ture subspaces within the multi-source data. For instance,
the third head heavily weights "psychological capital-self-
efficacy” and "-resilience" (0.167, 0.168), virtually ignoring
"professional category" (0.004). Conversely, the sixth head
strongly focuses on "organizational commitment-emotional
commitment” (0.185). The first head, meanwhile, prioritizes
the "text semantic vector" (0.128).

The average attention bar chart (Figure 6b) provides a
smoother representation of overall feature importance. The
most discriminative inputs for the joint label prediction are
"psychological capital-resilience" (highest average weight:
0.109) and "average weekly overtime hours" (0.097). The
"text semantic vector" is also highly important (0.084).
Features with the lowest influence include "psychological
capital-optimism" (0.043) and "age of employment" (0.048).
This suggests that the model primarily uses the resilience
index and actual working hours information from the quan-
titative scale as the most predictive factors for the joint
satisfaction and turnover label.

F. TRAINING EFFICIENCY AND RESOURCE
CONSUMPTION

To evaluate the performance of each model in terms of train-
ing efficiency and system resource usage, this paper counts
the training time, average response time, CPU (Central
Processing Unit) utilization, and throughput of six types of
models under the same hardware environment. The training
efficiency and resource consumption are shown in Table 4.

TABLE 4. Training efficiency and resource consumption

Model Training time (s) Average response CPU utilization Throughput
time (ms) (%) (samples/s)

XGBoost 12.6 8.3 314 121.3

Transformer 108.4 227 68.9 475

BIiLSTM-CRF 134.7 26.1 72.6 39.8

RoBERTa-CRF 165.3 30.4 75.8 33.6

BiLSTM-CRF- 142.1 28.6 734 36.1

CNN

Transformer-CRF 116.9 239 70.2 44.8
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In terms of efficiency (Table 4), the non-neural XGBoost
model is the clear winner, requiring only 12.6 seconds for
training and an average response time of 8.3 ms, with the
highest throughput of 121.3 samples/s due to its minimal
computational overhead. Deep learning models require more
resources because of their sequence dependency and context
modeling structures. The resource-intensive ROBERTa-CRF
has the worst efficiency, with the longest training time
(165.3 seconds) and highest response latency (30.4 ms),
largely due to loading large pre-trained parameters. The
proposed Transformer-CRF model strikes a balance, offering
better efficiency among the deep learning approaches: its
training time (116.9 seconds) and response time (23.9 ms)
are competitive, and its throughput (44.8 samples/s) is supe-
rior to both BILSTM-CRF and BiLSTM-CRF-CNN. This is
because Transformer-CREF relies on the attention mechanism
rather than slower recurrent structures, demonstrating a
better controlled resource consumption while maintaining
strong expressive power.

G. ROBUSTNESS TEST

To verify the stability and robustness of the Transformer-
CRF model under different disturbance conditions, this
paper designs robustness test experiments from three typ-
ical interference scenarios: Gaussian noise disturbance in
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input data, changes in the proportion of unbalanced label
distribution, and feature missing scenarios. The robustness
test results are shown in Figure 7.

Figure 7(a). Robust performance under Gaussian noise
perturbation

Figure 7(b). Robust performance under changes in the
proportion of unbalanced label distribution

Figure 7(c). Robust performance in the case of feature
loss

The Transformer-CRF model’s robustness was evaluated
under three stress tests.

First, the Gaussian noise perturbation test (Figure 7a)
revealed the model’s sensitivity to input data corruption. A
low standard deviation (o = 0.01) resulted in a near-perfect
95.9% complete match rate and 97.9% joint consistency.
However, increasing ¢ to 0.2 significantly degraded perfor-
mance, dropping the match rate to 85.3% and increasing
the label conflict rate to 6.0%. This demonstrates that noise
interferes with the model’s ability to accurately capture
feature relationships, particularly long-distance dependen-
cies. Second, the label distribution imbalance test (Figure
7b) showed that the model’s predictive power weakens as
minority class sparsity increases. While a 33% proportion
of high turnover tendency samples yielded a 96.6% match
rate, reducing the proportion to 13% caused the match rate
to plummet to 88.5% and the consistency rate to 92.1%.
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FIGURE 7. Robustness test results

This indicates that sparse minority class samples lead to
increased label inconsistency and misclassification, as the
model’s decision boundaries become fuzzy and minority
samples are incorrectly absorbed into the majority class.

Third, the feature missing test (Figure 7c) demonstrated
that text features are the most critical, playing a core role in
characterizing subjective experience. Missing text features
alone dropped the complete match rate to 92.6% and the
F1 score to 91.4%, with the consistency rate at 95.7%.
Missing numerical features (like psychological capital) and
categorical features had comparatively smaller individual
impacts (F1 of 92.1% and 93.0% respectively). However,
combined feature loss, such as missing text + category (F1
of 86.7%) or text + numerical (F1 of 87.3%), resulted in
the most significant degradation.

H. GENERALIZATION TEST
To further verify the generalization ability of the
Transformer-CRF model, this paper tests graduate data from
different universities and different years. The generalization
test results are shown in Figure 8.

Figure 8 (a). Test results of different universities

Figure 8 (b). Test results of graduate data from different
years

The Transformer-CRF model exhibits strong generaliza-
tion ability but shows performance variations across differ-
ent university types and time periods. In cross-university
testing (Figure 8a), the model achieved a 94.3% complete
match rate and 93.5% joint F1 at high-level institutions
like Zhejiang University, closely matching the training data
(Nanjing University). However, performance decreased for
colleges with distinct language styles, such as Shenzhen
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Polytechnic (85.9% match rate, 5.3% label conflict rate),
indicating that individual differences in student expression
and employment concepts affect generalization. Temporally
(Figure 8b), the model shows excellent stability, with the
complete match rate consistently rising from 93.8% (2018)
to 96.1% (2022) as the data collection year approached the
2023 training set. This trend, sustained by a 95.0% match
rate in 2024 data, confirms the model’s scalability; variations
in socioeconomic environment, job market expectations, and
evolving language habits across different periods and insti-
tutions are the primary factors affecting feature consistency
and structural prediction accuracy.

I. COMPARISON OF MODEL OUTPUT AND REAL
MANAGEMENT DECISION EFFECTS

To further evaluate the gain of model output on col-
lege employment guidance decisions, this experiment de-
signs a comparative experiment, comparing Transformer-
CRF model guidance with experience decisions, mainly to
explore the gain of complete match rate improvement on
college employment guidance. The experimental steps are
as follows:

(1) Data of Nanjing University’s 2023 graduates is se-
lected, including the prediction results of students’ job
satisfaction and turnover tendency. The job satisfaction and
turnover tendency data predicted by the model are compared
with the traditional experience decision (based on the judg-
ment of teachers and employment guidance departments).

(2) Based on the prediction results (model output) and
empirical decision-making (empirical observation and eval-
uation), the career development and employment stability
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FIGURE 8. Generalization test results

intervention strategies of graduates are guided. Intervention
measures include regular career counseling, emotional sup-
port, salary negotiation skills improvement, etc.

(3) Through 6 months of tracking data, indicators such as
retention rate, satisfaction change, and intervention cost are
evaluated, and the effects of the two decision-making meth-
ods are compared. The effect of improving the complete
match rate on the gains of college employment guidance is
shown in Table 5.

TABLE 5. The effect of improving the complete match rate on the gains of
college employment guidance

Indicators Prediction group Control group Gain
(model guidance) (experience
decision)
Complete match 96.6 65.0 31.6
rate (%)
Retention rate 92.3 85.1 72
after 6 months
(%)
Average 1.6 0.8 0.8
satisfaction
improvement
(points)
Unit intervention 1200 1600 25%

cost (¥/person)

Table 5 clearly shows that the model-guided predic-
tion group significantly outperformed the experience-based
control group across all indicators. The model achieved
a complete match rate of 96.6%, a remarkable 31.6%
increase over the control group’s 65.0%, confirming its
superior accuracy in predicting job satisfaction and turnover
tendency. Furthermore, the prediction group’s 6-month re-
tention rate was 92.3% (7.2% higher than the control group’s
85.1%), demonstrating that precise prediction and targeted
interventions effectively improve employee retention. The
model also improved employee experience, with an average
satisfaction score of 1.6, compared to only 0.8 in the
control group. Crucially, the unit intervention cost for the
prediction group was only 1200 yuan per person, a 25%
reduction from the 1600 yuan per person in the control
group, demonstrating that a precise model-driven approach
can significantly reduce costs while improving effectiveness.
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VI. CONCLUSION

This paper adopts a joint prediction model of job satis-
faction and turnover tendency of college graduates based
on Transformer-CRF, specifically tailored for application
within the industry where labor dynamics and retention
challenges necessitate a highly accurate, coupled analysis of
employee sentiment and exit risk. The global context rep-
resentation is extracted by using a multi-layer self-attention
Transformer encoder. The CRF decoder is connected to the
top layer of the encoder. The nine-state label sequence of
“satisfaction-tendency” is jointly optimized by the emission
score and the transfer matrix, and the training is performed
by end-to-end minimization of the CRF log-likelihood and
auxiliary cross-entropy loss. The experimental results show
that the model has a joint label complete match rate of
96.6% and a label conflict rate of only 1.8%, which is
significantly better than baseline methods such as XGBoost,
BiLSTM-CRF, and RoBERTa-CRF. The model performs
stably in robustness testing, unbalanced label distribution,
and multi-school and cross-year data verification. Despite
the promising results, this paper still has shortcomings such
as a single feature source, and its regional and cultural
applicability, particularly within diverse operational contexts
like the global ndustry, remains to be fully verified, coupled
with the challenge of high hyperparameter optimization
cost. Future work should therefore focus on incorporating
richer data, such as behavioral logs and social network data,
conducting rigorous cross-cultural localization research to
ensure its relevance for manufacturing hubs across different
continents, and exploring neural architecture search (NAS)
to improve model automation and efficiency in managing
the specialized human re-source challenges of the sector.
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