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ABSTRACT
Person-Organization fit (P-O fit) refers to the compatibility between
employees and their organizations. The study of P-O fit is important
for enhancing proactive talent management. While considerable
efforts have been made in this direction, it still lacks a quantitative
and holistic way for measuring P-O fit and its impact on talent
management. To this end, in this paper, we propose a novel data-
driven neural network approach for dynamically modeling the
compatibility in P-O fit and its meaningful relationships with two
critical issues in talent management, namely talent turnover and
job performance. Specifically, inspired by the practical management
scenarios, we first creatively design an Organizational Structure-
aware Convolutional Neural Network (OSCN) for hierarchically
extracting organization-aware compatibility features for measur-
ing P-O fit. Then, to capture the dynamic nature of P-O fit and its
consequent impact, we further exploit an adapted Recurrent Neural
Network with attention mechanism to model the temporal infor-
mation of P-O fit. Finally, we compare our approach with a number
of state-of-the-art baseline methods on real-world talent data. Ex-
perimental results clearly demonstrate the effectiveness in terms
of turnover prediction and job performance prediction. Moreover,
we also show some interesting indicators of talent management
through the visualization of network layers.
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1 INTRODUCTION
Nowadays, in the competitive and fast-evolving business environ-
ments, how to effectively attract and select right talents to the right
jobs becomes a critical challenge for modern organizations. As a
result, the study of Person-Organization fit (P-O fit), which refers to
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the compatibility between employees and their organizations [19],
becomes a major focus in the fields of organizational behavior and
talent analytics. According to the attraction-selection-attrition (A-S-
A) theory, organizations tend to hire individuals with similar values
during the selection process, and individuals are also attracted to
such organizations [33]. Indeed, P-O fit has been widely regarded as
an effective indicator for proactive talent management, which has
significant impact on outcomes such as work attitudes, turnover
intention and job performance [21]. For example, a good P-O fit
usually indicates a strong organizational commitment and lower
talent turnover rate and vice versa [1].

In the literatures, while considerable research efforts have been
made in understanding P-O fit, and some interesting findings were
revealed (e.g. people with high agreeableness usually match up bet-
ter with a supportive organizational climate), most of these studies
rely heavily on the surveys and classic statistical models [4, 14].
Therefore, there are various limitations when applying these meth-
ods for talent management. First, the metrics used in the surveys
are usually designed in a subjective way, which cannot capture
the compatibility features between talents and organizations in an
objective and automatic manner. Second, the compatibility always
changes over time due to the dynamic nature of P-O fit, which
is hard to be tracked in traditional surveys. Third, it is extremely
difficult to quantitatively model P-O fit and its impact on talent
management using survey data due to the complex real-world man-
agement scenarios [31].

Fortunately, the newly available big talent data provide unparal-
leled opportunities for researchers to understand talent and organi-
zational behaviors and gain tangible knowledge about P-O fit in a
dynamic, quantitative, and objective way. To this end, in this paper,
we propose a novel data-driven solution, namely P-O Fit Neural
Network (POFNN), for dynamically modeling the compatibility in
P-O fit and its meaningful relationship with two critical issues in
talent management, namely talent turnover and job performance.
Specifically, inspired by the practical management scenario, we
first creatively design a learning structure named Organizational
Structure-aware Convolutional Neural Network (OSCN) for hier-
archically extracting organization-aware compatibility features in
P-O fit, rather than manually designing talent and organizational
profiles (e.g. culture and values). In particular, with the help of
OSCN, the influence of organizational environment (e.g., the in-
fluence from superior, peers and subordinates) can be holistically
modeled. Then, to capture the dynamic nature of P-O fit and its
consequent impact, we further exploit an adapted Recurrent Neural
Network with attention mechanism to model the temporal infor-
mation of P-O fit. Finally, we evaluate our approach with a number
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Employee 2
Position: Senior Manager
Service Length:            4  
Level: 5

 …

Employee 3
Position: Senior Manager
Service Length:             5
Level: 4

 …

Employee 6
Position: Product Manager
Service Length: 2
Level: 2

 …

Employee 5
Position:            Engineer
Service Length:            1
Level: 2

 …

Employee 4
Position:            Engineer
Service Length:             3
Level: 3

 …

Employee 1
Position: Director       
Service Length:            8 
Level: 7 

 …

Figure 1: An example of the organization tree.

of state-of-the-art baseline methods on real-world talent data. Ex-
perimental results clearly demonstrate the effectiveness in terms
of turnover prediction and job performance prediction, as well as
some interesting indicators of talent management through the vi-
sualization of network layers. Moreover, our study reveals some
management insights for enhancing proactive talent management.
For instance, the results show that superiors usually have a great
influence on the turnover intention of their subordinates.

Specifically, the major contributions of this paper can be sum-
marized as follows:

• To the best of our knowledge, this paper is the first attempt of
leveraging advanced data mining approaches for exploring
the impact of P-O fit on talent management, which is a major
focus of organizational behavior and talent analytics.

• We propose a novel data-driven neural network approach
for dynamically modeling the compatibility in P-O fit and
its meaningful relationship with two critical issues in talent
management, namely talent turnover and job performance.

• We evaluate our approach with extensive experiments on
real-world talent data. The results reveal some interesting
insights for talent management and clearly validate the ef-
fectiveness of our approach in terms of helping turnover
prediction and job performance prediction.

2 DATA DESCRIPTION
In this paper, a set of anonymized in-firm data of employees were
collected from a high tech company in China, across a timespan of
45 months, ranging from 2015 to 2018.

Specifically, in the dataset, each employee has some static pro-
files (e.g., education background and previous employers), dynamic
profiles that may change over days (e.g., reporting line, job position
and level) and behavior records (e.g., communication network). In
particular, from the reporting lines, the organization structure can
be formulated as a tree structure, where each node represents an
employee, as shown in Figure 1. Indeed, all the organizational rela-
tionships between employees can be found from the organization
tree. For example, for each employee on the tree, her superior is the
parent node, subordinates are the child nodes, and peers are the sib-
ling nodes. Intuitively, the organization tree will change over time
due the personnel changes in the company, such as the turnover,
work transfer and promotion. In addition, the historical turnover
and job performance records of employees are also contained in
the dataset, which can help us to study the impact of P-O fit on
consequent outcomes in talent management.

Table 1: Notifications used in this paper.

Notification Explanation
Nt Length of the sequential data
Ne Number of employees
X t Feature matrix at the t-th interval
At Organization structure at the t-th interval
I t Indicator for target employee at the t-th interval
X Sequence of feature matrix
A Sequence of adjacency matrix
P to Environment profile matrix at the t-th interval
P te Employee profile matrix at the t-th interval
pot P-O fit representation vector at the t-th interval
df Dimension of feature vector
de Dimension of employee profile
do Dimension of environment profile
dpo Dimension of P-O fit representation
dl Dimension of LSTM output
Dper /Dsub Variance vector of peers/subordinates
Mper /Msub Average vector of peers/subordinates
F Input feature vector of OSCN layer
Uper /Usub Aggregated vector of peers/subordinates
din Dimension of OSCN layer input
dout Dimension of OSCN layer output

3 PROBLEM FORMULATION
In this paper, our goal is to temporally model P-O fit by anlayzing
the latent relationship between organizational environment and
employees, and to explore its applications on talent management.
Therefore, given an organization tree, we define an adjacency ma-
trix A = [a1, · · · ,aNe ] to represent its structure, where ai ∈ RNe

indicates the i-th node’s parent node, aij is equal to 1 if the j-th node
is the i-th node’s parent node, otherwise equal to 0. Meanwhile, we
define the feature matrix of an organization as X = [x1, · · · ,xNe ],
where x i ∈ Rdf denotes the feature vector of the i-th employee, df
is the dimension of the feature vectors. As mentioned above, the
structure of an organization and the profiles of the employees will
change over time. So we define two sequential data of length Nt ,
written as X =< X 1, · · · ,XNt > and A =< A1, · · · ,ANt >, where
X t and At denote the feature matrix and adjacency matrix at the
t-th time interval, respectively.

So far, we can formulate the problem of this study as learning
a model M from historical data A and X to predict some future
outcomes. Specifically, each sample at the t-th time interval in the
training set can be formulated as (X t ,At , I t ), where I t ∈ RNe is the
indicator for the target employee. The model is to predict y, which
is a classification label indicating the outcomes, e.g., turnover or
not. Without loss of generality, here we formulate the problem as a
binary classification problem, i.e., y ∈ {0, 1}.

4 MODEL
In this section, we introduce the technical details of P-O fit Neural
Network (POFNN). Specifically, we first describe the motivation
and framework overview of POFNN. Then, we introduce the novel
network structure Organizational Structure-aware Convolutional
Neural Network (OSCN), which can extract environmental informa-
tion from the organization’s structure and the profiles of employees
within. The notifications can be found in Table 1.
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(a) A classic P-O fit modeling process.
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(b) Our P-O fit modeling process.

Figure 2: Overview of P-O fit modeling.

4.1 P-O Fit Modeling
In this part, we describe the main idea of P-O fit modeling, which
is also the motivation of our network. As mentioned in Section
1, P-O fit means the compatibility between employees and their
organizations. Indeed, good P-O fit occurs when the characteristics
of both employees and their organizations fit well. In the literature
of organizational behavior, there are works on comparing person
profile with organization profile to measure P-O fit [5]. The process
is shown in Figure 2(a). In these works, metrics manually designed
by experts are collected respectively from questionnaires for em-
ployees and organizations. Then statistical approaches are used to
measure a P-O fit score as the congruence of these profiles. How-
ever, due to high cost of this process, it is difficult to apply it on
real-world applications.

Therefore, it motivates us to automatically extract the profiles
and model P-O fit with a neural-network based approach. The main
process of our P-O fit modeling is shown in Figure 2(b). Instead of
manually designing and measuring the metrics to form person pro-
file, POFNN exploits features which can be automatically collected
from employees’ in-firm data, as is described in Section 3. Then a
simple dimension reduction process is conducted for generating
person profile from these features. And instead of directly mea-
suring the organization profile with metrics, we suppose that the
organizational environment is impacted by the employees within.
Therefore, we obtain organization profile by combining the orga-
nization’s structure with the profiles of the employees. Specially,
instead of measuring an overall organization profile, we extract an
unique environment profile for each employee, which varies accord-
ing to the employees’ positions. From the perspective of a certain
employee, her organizational environment is usually influenced
more by the closer colleagues, especially when the organization is
big. Indeed, two employees in an organization may have little im-
pact on each other if they are distant on the organization tree. And
at last, instead of obtaining a P-O fit score with simple statistical
approaches, we propose to use deep neural network to achieve a
more complicated mapping from person and environment profiles
to a P-O fit representation. We use this representation vector to
predict outcomes in talent management. Since in this way more
latent aspects of P-O fit can be modeled, we can achieve better
prediction performance than simply using the P-O fit score.

4.2 Network Structure
Here we describe the structure of POFNN in detail, which is shown
in Figure 3. The network has a recurrent structure for sequen-
tial data modeling. At each time interval, the feature matrix X t

and the organization structure matrix At are processed to form

a P-O fit representation vector. First, a fully connected layer re-
duces the dimension of the input feature vectors and extracts the
employee profiles P te ∈ Rde×Ne , whose i-th column can be for-
mulated as σ (WT

1 X t
:,i + b1), whereW

1 ∈ Rdf ×de and b1 ∈ Rde

are the paramters, σ (·) represents the activation function. Then
our proposed Organizational Structure-aware Convolutional Neu-
ral Network (OSCN) extracts the environment profiles from the
organization structure as well as employee profiles, written as

P to = OSCN (At , P te ).

Asmentioned before, here each employee is attachedwith an unique
environment profile representation, i.e., P to ∈ Rdo×Ne . Details of
OSCN will be discussed in the next subsection. Then we select
the target employee’s environment profile and person profile with
indicator vector I t , written as

pto = P to I
t , pte = P te I

t .

Then a deep neural network (DNN), which is composed of several
fully connected layers, nolinearly maps them to form a P-O fit
representation pot ∈ Rdpo , formulated as

pot = DNN ([pto |p
t
e ]),

where [·|·] denotes concatenating two vectors of dimension d1 and
d2 to form a vector of dimension d1 + d2. Then we have a sequence
PO = [po1, · · · ,poNt ], which contains P-O fit vectors of all the time
intervals, we use Long Short-TermMemory (LSTM) to process them.
LSTM outputs a status for each time interval with the historical
information and the current P-O fit vector, written as

ht = LSTM(pot ,ht−1).

Considering the fact that some of the time intervals may have
higher impact on the outcome (e.g., a sudden organizational change
occuring in some month may cause employees’ turnover intention),
we use attention mechanism to catch those abnormal time intervals.
The attention layer regard hNt as query and other LSTM outputs
as keys. Then it adds a weight to each time interval (except the last
one) indicating its importance, and then gets the weighted average
of the time intervals, i.e.,

ci = softmax(σ (wT
2 [h

i |hNt ] + b2)),

o =

Nt−1∑
t=1

cth
t ,

wherew2 ∈ R2dl andb2 ∈ R are the parameters. The outputo ∈ Rdl

implicates the historical P-O fit information, we concatenate it with
hNt , which contains the most recent P-O fit information. Then we
map it with fully connected layer and sigmoid function to form a
soft classification ranging from 0 to 1, written as

p = sigmoid(wT
3 [o |h

Nt ] + b3).

4.3 Details for OSCN
Here we introduce the details for OSCN. As mentioned above, orga-
nizational environment may be different for employees in different
positions even within the same organization. Therefore, we need a
structure to extract organizational environment features for the em-
ployees according to their close colleagues on the organization tree.
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Figure 3: The overview of POFNN, which consists of both OSCN and LSTM structures with attention mechanism.

By simply regarding the organization tree as a graph, a straightfor-
ward idea is to apply Graph Convolutional Network (GCN) [18],
which can pass message to the nodes from their neighboring nodes
and output a vector containing the local information for each node.
However, in a common GCN, the impact of different nodes depend
mainly on their distance to the target position, thus GCN fails to
distinguish different working relationships in an organization. For
example, the influence on an employee’s environment from her
superior and her subordinates may be considered the same as they
are all 1-step distant from her on the organization tree.

Based on the above consideration, we design OSCN to extract
employees’ organizational environment information, which can
treat working relationships differently in convolution. Similar with
the classic convolutional networks, the main idea of OSCN is weight
sharing, and the weight of a node in the kernel lies on its relation-
ship with the target. In our work, centered on one employee, we
suppose that her superior, her subordinates and her peers give di-
rect impact on her local organizational environment. So ideally, the
convolution can be formulated as

Po =W
T
sel f usel f +W

T
supusup +W

T
subusub +W

T
peruper ,

whereW− represent the weights, and u− represent the feature vec-
tors of the colleagues. However, different from traditional convo-
lutional networks that mainly focus on grid-like data, where the

Aggregated
Subordinate

Self

Superior

Aggregated 
Peer

Peers

Subordinates

B

Superior

Subordinates

A

Superior

Peers

Figure 4: Schematic diagram of transformation to regular
structure by node aggregation.

kernel can be simply formed as a matrix, the organization tree has
a more irregular structure. The number of subordinates of each
employee may be different, which brings difficulty to choosing a
kernel that is applicable to all the positions on the tree.

To solve this problem, we propose to aggregate the employees
with the same relationship. Specifically, supposing that all the sub-
ordinates of an employee have a similar impact on her, we aggregate
them by calculating their average and variance vectors. And the
same process is done on the peers. An example is given in Figure 4,
where node A and node B have different local structures, but after
the aggregating process, they are transformed into a same structure
consisting of a superior node, an aggregated subordinate node and
an aggregated peer node. Then we can apply a same kernel on them.
For simplicity, here we use F ∈ Rdin×Ne to denote the input fea-
ture matrix of the OSCN layer, and use A ∈ RNe×Ne to denote the
adjacency matrix. Specifically, the average vectors of subordinates
and peers, written asMsub andMper , can be formulated as

Msub =
FAT

e1eT2 A
T
, Mper =

F (ATA − 1)

e1eT2 (A
TA − 1)

,

where each element in e1 ∈ Rdin and e2 ∈ RNe is equal to one and
1 denotes the identity matrix. And the variance vectors, written as
Dsub and Dper respectively, can be formulated as

Dsub =

√
(F −MsubA)

2AT

e1eT2 A
T

,

Dper =

√
(F −MsubA)

2(ATA − 1)

e1eT2 (A
TA − 1)

,

where √
· and ·2 are both element-wise operations. Then we get

the aggregated feature vectors, written asUsub ,Uper ∈ Rdout×Ne ,
with a fully connected layer, which can be formulated as

Usub = σ (WT
4 [MT

sub |D
T
sub ]

T + b4),

Uper = σ (WT
4 [MT

per |D
T
per ]

T + b4),

Then we can apply convolution on the tree and get the output as

Po = σ (WT
sel f F +W

T
perUper +W

T
subUsub +W

T
supFA),

whose i-th column is the environment profile of the i-th employee.
The structure of an OSCN layer is shown in Figure 5. For simplic-

ity, we only show the convolution of one node (yellow). In OSCN,
the subordinates (green) and peers (orange) are aggregated to new
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Figure 5: The schematic diagram of the OSCN.

feature vectors respectively. The convolution is done on each node
and the output is a tree with the same structure as the input, where
each node has a vector of local environment representation. It is
notable that though we only use four kinds of relationships on the
tree in this work (i.e., self, sibling, child and parent). The kernel can
be easily extended according to the demand, e.g., cousin.

Finally, we stack several OSCN layers and use the output of
the previous layer as the input of the next layer. The first output
contains environmental information impacted from the peers, the
subordinates and the superior. And the outputs of the deeper layers
contain information from a broader scope of the organization, for
example, from the superior of the superior, the peers of the supe-
rior, etc. We concatenate the output of all the layers as the final
environment profile, which is shown in Figure 6.

…Layer 1 Layer 2 Layer n

Figure 6: The schematic diagram of the stacked OSCN.

5 EXPERIMENTS
In this section, we evaluate the performance of POFNN on a real-
world dataset. Specifically, we focus on two critical outcomes of
talent management in our experiment: turnover and job perfor-
mance. In turnover prediction, we predict if or not an employee
will leave the company in the future. And in job performance pre-
diction, we predict the employees’ full-year performance rating.

5.1 Experimental Setup
5.1.1 Datasets. Details for the real-world dataset used in this paper
can be found in Section 2. To avoid noise, we first filtered out
the employees who stayed for less than one year in the company.
Then, we regarded each month as a time interval and extracted
features of each employee in each month. From the in-firm data,
we extracted features like average frequency of communications
with the superior in the month and job level at the end of the
month. For simplicity, the organization trees are also extracted
from the reporting lines at the end of the month. And to accelerate
the training process, instead of using the whole organization tree
for each sample, we extract a subtree consisting of her closest 100
employees. Then we conducted the following preprocessing for the
two tasks respectively:

• Turnover Prediction. For each month, we chose some em-
ployees who will leave in the next 2 months as positive

Table 2: The statistics of datasets.

Dataset #positive #negative

Excellent Performance Training 7,796 18,039
Test 4,067 9,239

Poor Performance Training 3,999 21,836
Test 2,059 11,247

Turnover Training 16,204 38,533
Test 4,536 7,638

samples and some of the others as negative samples. Since
the dataset is extremely imbalanced, we only sampled parts
of instances with a ratio of 1:2. Then we formed sequential
data consisting of organization trees and features within the
10 months untill the current month. Our training set con-
tains samples with the last observed month between 2016.01
and 2017.12, and the test set contains samples with the last
observed month between 2018.03 and 2018.06. To avoid in-
formation leaking, we removed training samples between
2018.01 and 2018.02, which may have overlap with test data.

• Performance Prediction. In each year from 2015 to 2017,
we selected some employees who had annual performance
appraisal. The performance can be clustered into 3 levels:
excellent, normal and poor. We formed the sequence with
features and organization structures in the first 10 months of
the corresponding year. Specifically, we formulated two tasks
of binary classification: 1) excellent performance prediction,
where a sample is labeled as positive if the performance
is excellent, and 2) poor performance prediction, where a
sample is labeled as positive if the performance is poor. In
each task, the training set contains samples for 2015 and
2016, and the test set contains samples for 2017.

The statistics of datasets are shown in Table 2.
5.1.2 Baseline Methods. The baselines include four parts:

• Classic classification models including Decision Tree (DT),
Logistic Regression (LR), Random Forest (RF) and Support
Vector Machine (SVM). Since these methods are not designed
for processing sequential data, we concatenated the sequen-
tial feature vectors into one feature vector. We also tried
training with their averaged feature vectors, but the perfor-
mance was far worse than concatenating them, due to page
limitation, we did not display these results in this paper.

• Hidden Markov Model (HMM), which is a statistical model,
it assumes the that the sequential data follows a Markov
process with hidden states.

• Recurrent Neural Network (RNN), where we processed the
feature vector of each time interval with DNN, then the
sequential output was processed by LSTM with attention
layer, which is the same as POFNN.

• Classic Graph Convolutional Network (GCN) [18], which
is designed for extracting information from graphs. For the
fairness of comparison, we replaced OSCN with GCN in
POFNN and remained other settings the same.

5.1.3 Network Configuration. The network configuration can be
found in Table 3. We tuned the parameters of the models with ex-
periments and we found that slight changes on the parameters did
not affect much on the performance, and we used the same config-
uration for both turnover prediction and performance prediction.
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Table 3: The network configuration of NN based models.

Model Name Value

POFNN

DNN depth 3
OSCN depth 2
#Unit in each DNN layer 10
#Unit in dimension reduction layer 12
Ouput’s dimension (dout ) of each OSCN layer 12

GCN

DNN depth 3
GCN depth 2
#Unit in each DNN layer 10
#Unit in dimension reduction layer 12
Ouput’s dimension (dout ) of each GCN layer 20

RNN DNN depth 5
#Unit in each DNN layer 12

Since OSCN has more parameters than GCN, GCN needs its output
vector of each layer to have higher dimension to get enough model
complexity. And RNN needs lower model complexity than POFNN
and GCN, because it only uses personnel features for prediction.
Adam optimizer [17] is used for training.
5.1.4 Evaluation Metrics. We evaluated model performance by
Cross Entropy (CE) and Area Under Curve (AUC). Cross Entropy
can evaluate the distance between the predictions and the real
labels, lower value of CE indicates higher ability on estimating
the real distribution. AUC can measure classification performance
under different thresholds, higher value of AUC indicates better
overall performance. In particular, we used Area Under ROC Curve
(ROC-AUC) and Area Under Precision-Recall Curve (PR-AUC) to
evaluate the model performance.

5.2 Overall Performance
In this part, we introduce the overall evaluation of our approach in
terms of turnover prediction and job performance prediction.
5.2.1 Evaluation on Turnover Prediction. The experimental results
of turnover prediction are listed in Table 4. From the results, we
can get the following observations. First, POFNN outperforms the
baseline methods in terms of all the metrics. Second, the Neural
Network (NN) based models outperform the classic models, be-
cause they can achieve more complicated modeling. Third, GCN
and POFNN outperform the other models that only use personnel
feature for prediction, indicating the effectiveness of P-O fit model-
ing on turnover prediction. Fourth, POFNN outperforms GCN in
this task, indicating that OSCN is better at extracting environmental
features from the organization tree. Last, though HMM can model
sequential data, this generative model is not good at handling the
complex observations in our work, thus performs even worse than
most of the basic models.
5.2.2 Evaluation on Job Performance Prediction. We formulated job
performance prediction as two binary classification tasks, namely
excellent performance prediction and poor performance prediction.
The results are demonstrated in Table 5 and Table 6 respectively.
There are several observations. First, consistent with the result in
turnover prediction, POFNN outperforms others in terms of all the
metrics, which indicates that POFNN is an adapted model and can
be applied on various applications in talent management. Second,
while POFNN outperforms those methods, GCN performs almost

Table 4: Performance on turnover prediction.

Model CE ROC-AUC PR-AUC
Logistic Regression 0.830 0.584 0.522
Decision Tree 15.70 0.528 0.569
Random Forest 1.016 0.578 0.519
Support Vector Machine 0.738 0.569 0.495
Hidden Markov Model 14.53 0.538 0.524
Recurrent Neural Network 0.604 0.690 0.543
Graph Convolutional Network 0.592 0.708 0.575
P-O Fit Neural Network 0.587 0.727 0.603

Table 5: Performance on performance prediction (excellent).

Model CE ROC-AUC PR-AUC
Logistic Regression 0.553 0.711 0.505
Decision Tree 13.40 0.556 0.484
Random Forest 0.815 0.659 0.450
Support Vector Machine 0.605 0.680 0.453
Hidden Markov Model 9.797 0.586 0.482
Recurrent Neural Network 0.544 0.726 0.522
Graph Convolutional Network 0.560 0.722 0.518
P-O Fit Neural Network 0.533 0.745 0.543

Table 6: Performance on performance prediction (poor).

Model CE ROC-AUC PR-AUC
Logistic Regression 0.297 0.808 0.630
Decision Tree 7.606 0.685 0.489
Random Forest 0.758 0.767 0.609
Support Vector Machine 0.318 0.768 0.582
Hidden Markov Model 3.957 0.672 0.574
Recurrent Neural Network 0.286 0.827 0.658
Graph Convolutional Network 0.287 0.823 0.647
P-O Fit Neural Network 0.280 0.834 0.669

the same as simple RNN. It indicates again that the environmental
features extracted by GCN is not as good as those features extracted
byOSCN in this task. Last, HMMstill can notmake good predictions,
which is consistent with the result in turnover prediction.

5.3 Robust Analysis
Here we introduce the evaluation of the robustness of our model.
Without loss of generality, here we only evaluate the models on
turnover prediction and excellent performance prediction in terms
of ROC-AUC. Specifically, we generate the dataset with three kinds
of different settings: 1) We adjusted the length of the sequential
data, i.e., we used data of the x months before making the prediction
(x = 2, 4, 6, 8, 10). 2) We predicted the outcome in the nexty months
with our model (y = 1, 2, 3, 4, 5). 3) We adjusted the number of
samples in the dataset, so that the ratio of negative and positive
samples is p (p = 1, 2, 3, 4, 5).
5.3.1 Evaluation on different observation period. Figure 7(a) and
Figure 7(d) show the ROC-AUC performance of the models with
different length of observation period. The x-axis represents the
number of the observed months before making the prediction, i.e.,
the length of the sequential data Nt . It can be observed that the
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(a) turnover - observation time (b) turnover - sample ratio (c) turnover - prediction time

(d) performance - observation time (e) performance - sample ratio (f) performance - prediction time

Figure 7: Robust analysis of our model under different experimental settings.

NN based models outperform the classic models, and POFNN per-
forms the best. Meanwhile, in turnover prediction, NN basedmodels
perform better as the observation time getting longer, while the
classic models perform worse. It indicates that NN based models
are better at modeling the sequential working data. Also the results
show that a short observation period is enough for predicting the
performance, so the basic models also perform well in this case.

5.3.2 Evaluation on different ratios of positive and negative samples.
Figure 7(b) and Figure 7(e) show the ROC-AUC performance of the
models with different ratio of negative and positive samples. The
x-axis represents the ratio. Since we only focus on the robustness of
our model here, we did not set the total number of samples under
each ratio to be the same, so the curve shows some fluctuation. It
can be observed that POFNN outperforms the baselines under all
the sample ratios.

5.3.3 Evaluation on different prediction period. Figure 7(c) and Fig-
ure 7(f) show the ROC-AUC performance of the models on predict-
ing the outcomes in 1 to 5 months after the last observed month. It
can be observed that POFNN performs the best. Though the models
have a decrease on AUC performance as the prediction period get-
ting longer, POFNN shows its efficiency on predicting the long-term
outcomes. Indeed, predicting long-term outcomes is much tougher
than predicting the short term outcomes. For example, when an
employee has decided to leave the company, her turnover intention
may reflect obviously on the behavior (e.g. little communication
with colleagues). In this case, the models only considering employ-
ees’ features also make good predictions. However, it may be too
late for the human resource department to take actions with short-
term prediction. Luckily, POFNN shows its ability to discover bad
P-O fit that may potentially cause turnover in a long period, which
is of great value in talent management.

5.4 Attention Layer Visualization
As described in Section 4, the attention layer attaches weights to
the time intervals and outputs the weighted average of the LSTM
outputs. Larger weight means greater impact on the outcome. Take
turnover prediction as an example, a larger weight indicates ab-
normal P-O fit in some month, this may be caused by the changes
of the organization (e.g., turnover of the superior). To study this
influence, we drew the weights of 3000 randomly selected negative
samples in turnover prediction on a heatmap. The result is shown
in Figure 8. The x-axis represents the samples. And the y-axis rep-
resents the length between the month and the last observed month.
For instance, if a sample’s last observed month is 2017.10, then 1 on
the y-axis denotes the month of 2017.09. Since our attention layer
takes the last observed month as query, only the other 9 months
are attached with weights and can be drawn on the heatmap. On
the whole, we can find the months between 7 and 9 to be brighter
and months less than 7 are darker, indicating that turnover in the
future 2 months may be caused by bad P-O fit in the last 7 months.
The result indicates that P-O fit may cause a quite long-term impact
on turnover intention.

5.5 P-O fit Representation Visualization
We randomly selected 1000 samples and drew their P-O fit rep-
resentation of the last observed month extracted by OSCN on a
two-dimensional plane. Specifically, we applied t-Distributed Sto-
chastic Neighbor Embedding (t-SNE) [28] for dimension reduction.
The result is shown in Figure 9, where the red points represent
the samples who are turnover and the blue points represent the
samples who are not. It can be observed that these employees can
be clustered into several groups with their P-O fit representation.
Meanwhile, negative and positive samples have different distribu-
tion among the clusters. These observations indicates that there are
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Figure 8: Weights in the attention layer (turnover).

several types of compatibility in the company and some of them can
cause turnover behavior, showing the effectiveness of our extracted
P-O fit representation.

5.6 Case study
The organizational environment of the employees may get impact
from their colleagues in different ways. In each OSCN layer, envi-
ronmental information is extracted from vectors of peers, superior
and subordinates, we can measure the contribution of each rela-
tionship to the environment of the employees. Specifically, the
contribution of relationship r to the i-th employees’ current en-
vironmental vector can be calculated as ∥WT

r uir ∥1, where ∥ · ∥1
denotes L1-norm, uir denotes the vector of the relationshp and
Wr denotes the weight. We randomly selected 100 negative sam-
ples in turnover prediction and calculated the contributions in the
last observed month, then we drew them on a heatmap, which is
shown in Figure 10, where the x-axis represents the employees, and
y-axis represents working relationships. It can be observed that
generally the employees’ turnover intention is most affected by
their superiors. Their subordinates have less influence and their
peers have the least. Meanwhile, individual differences exist among
these employees, for instance, sample 1 takes similar impact from
all the three relationships, sample 2 gets dominated impact from
the superior, and sample 3 is impacted most by the peers. It can also
be observed that the impact from their subordinates are similar for
most of the employees.

6 RELATEDWORK
Generally, the related works of in this paper can be grouped into
two categories, namely talent analytics and neural network based
emerging applications.

6.1 Talent Analytics
Talent analytics [23, 36] focuses on applying data-driven technolo-
gies to understand large sets of people in order to make better

Figure 9: t-SNE for P-O fit representation.

1 2 3

Figure 10: Weight of the colleagues (turnover).

organizational and operational decisions. Traditionally, studies of
talent analytics are mainly based on surveys and straightforward
statistical methods, e.g., statical hypothesis test and linear regres-
sion models. With these methods, researchers have designed a wide
range of metrics to measure factors like job satisfaction and ana-
lyze their relationships with outcomes like turnover or revenue of
operating unit [9, 30].

In recent years, the newly available big talent data provide unpar-
alleled opportunity for researchers to understand talent behaviors
and exploit advanced data mining approaches for talent analytics.
For example, in the field of talent recruitment, many researchers
studied the problem of person-job fit, job recommendation and mar-
ket analysis [3, 16, 25, 27, 29]. Specifically, Qin et al. [32] proposed
a novel ability-aware neural networks for enhancing the perfor-
mance of person-job fit, which is based on the joint representation
learning model PJFNN [40]. Zhu et al. [39] designed a sequential
latent variable model for tracking the recruitment market trend. In
the field of career development analysis, Li et al. [24] proposed a
survival analysis approach to model the talent career paths with
a focus on turnover and career progression and. Teng et al. [35]
proposed a contagious neural network for turnover prediction. In
addtion, there are also various emerging applications proposed in
relevant domains, such as company profiling from a employee’s
perspective [26], and talent flow analysis [6, 37, 38].

Different from the above studies, in this paper, we focus on a
new research topic, i.e., P-O fit in talent management, by proposing
a novel data-driven neural network approach.

6.2 Neural Network Based Applications
Recent years have witnessed the rapid popularity of neural network
technologies and applications [34]. Indeed, among various network
structures, Convolutional Neural Network (CNN) and Recurrent
Neural Network (RNN) are most widely used. Specifically, CNN
is widely used for processing grid-like structured data [12], and
made great success in processing image data with applications like
image classification [20] and face recognition [22], as well as textual
data [11]. Instead, RNN is a kind of neural networks widely used
for modeling sequential data with applications like speech recogni-
tion [13], machine translation [2], and time series processing [8].
There are also works on combining CNN and RNN to process se-
quential grid-like structured data, such as applications of music
tagging [7], visual recognition [10] and sentence modeling [15].
Inspired by previous studies, in this paper, our approach combines
both RNN and CNN structures for hierarchically and dynamically
extracting organization-aware compatibility features in P-O fit.

7 CONCLUSION
In this paper, we proposed a data-driven neural network approach
for dynamically modeling the compatibility in Person-Organization
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fit (P-O fit) and its meaningful relationship with two critical issues
in talent management, namely talent turnover and job performance.
Specifically, we first designed an Organizational Structure-aware
Convolutional Neural Network (OSCN) for hierarchically extract-
ing organization-aware compatibility features in P-O fit. With the
help of OSCN, the influence of organizational environment can
be holistically modeled. Then, to capture the dynamic nature of
P-O fit and its consequent impact, we further exploited an adapted
Recurrent Neural Network with attention mechanism to model the
temporal information of both talents and organizations. Finally, we
conducted extensive experiments for evaluating our approach on
real-world talent data, which clearly demonstrated the effectiveness
in terms of turnover prediction and job performance prediction, as
well as some interesting indicators of talent management through
the visualization of network layers.
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