Improving Competitiveness: A Freelancer-Centric Approach for

Recommending Reskilling Strategies

Shuo Yu Stephen He

Avrea of Information Systems and Quantitative  Department of Marketing, Alvarez College of
Sciences, Rawls College of Business, Business, University of Texas at San Antonio,

Texas Tech University, Lubbock, TX 79409 San Antonio, TX 78249

Haoxin Liu
School of Management, University
of Science and Technology of

China, Hefei, Anhui 230026, China
hxliu1215@ustc.edu.cn Shuo.Yu@ttu.edu Stephen.He@utsa.edu
Wen Wen Yidong Chai
Department of Information, Risk & Operations Management,  Department of Information Systems, City University of Hong Kong,
M cCombs School of Business, Hong Kong 999077, China
University of Texas at Austin, Austin, TX 78712 School of Management, Hefei University of Technology, Hefei,
Wen.Wen@mccombs.utexas.edu Anhui 230009, China
Business Avrtificial Intelligence Laboratory, City University of Hong

Kong (Dongguan), Dongguan, Guangdong 523808, China
yidongchai@gmail.com

ONLINE APPENDICES


mailto:hxliu1215@ustc.edu.cn
mailto:Shuo.Yu@ttu.edu
mailto:Stephen.He@utsa.edu
mailto:Wen.Wen@mccombs.utexas.edu
mailto:yidongchai@gmail.com

Online Appendix A: Literature Review Tables

Year Author Reskilling Basis Methodological Approach
2025 | Sun etal. Long-term return Deep reinforcement learning
2024 | Decorte et al. Job post requirement Sentence-BERT
2023 | Ong & Lim Job title BERT/FastText embedding
2022 | Gandhi etal. Job post requirement Word2vec/BERT embedding
2021 Kol_<ko_d|s & Long-term return V\/_ord2vec embeddlpg,
Ipeirotis reinforcement learning
2021 | Sun etal. Long-term return Deep reinforcement learning
2020 | Ghosh etal. Job title Monotonic nonlinear state-space
2019 | Wuetal. Market demand and trend Tensor factorization
2018 | Daveetal. Job title BPR embedding
2017 | Pateletal Similar peers, job post requirement | Simple heuristics
2017 | Maurya & Telang | Market demand, similar peers Bayesian multi-view clustering
Table Al. Selected Recent Literature on Skill Recommender Systems
. . Freelancer and Task Explanation for
Year Author Skill Representation Method Skills Matching Method | Recommendation
2025 Eto:Ienberger CareerBERT Cosine similarity N/A
2024 | Hanetal N/A N/A N/A
2024 | Guan et al. TextCNN with Transformer N/A N/A
2023 | Wang etal. Manually grouped into 6 types | N/A N/A
Kokkodis & .
2023 Ipeirotis Word2vec embedding Inner product N/A
2021 | Yuenetal. N/A N/A N/A
. N/A (skills are part of resume Highlighting
2020 | Bian etal text, no explicit representation) N/A relevant keywords
2020 Abhinav et One-hot encoding with skill co- | Modified counting of Ranking important
al. occurrence matrix common skills features
. N/A (skills are part of resume Highlighting
2020 | Qin etal. text, no explicit representation) N/A relevant keywords
2020 | Daietal. N/A N/A N/A
2019 K(r)g;im & One-hot encoding Counting common skills N/A
2018 | Zhuet al, N/A (skills are part of resume | \/n N/A
text, no explicit representation)
BPR embedding (for both jobs | Inner product (matching a
2018 | Daveetal. | o okills) skill t0 a job title) N/A
2017 | Pateletal. One-hot encoding K-nearest neighbors N/A

Table A2. Selected Recent Literature on Task Recommender Systems




Online Appendix B: Details of the Popularity and Proficiency Coefficients
A proper measure of the popularity of skill c; should capture how frequently it has been requested
in past task posts, while giving less weight to older tasks. We therefore define the time-discounted

popularity count of skill c;, denoted T as follows:

Me; = z exp(—B (year, — year,)),

tiEecj
where Oc; denotes the set of past tasks requiring skill ¢, year, denotes the current year, yeary, is the

completion year of task t;, and § is a constant controlling the time decay rate. Next, we define the

logarithmic time-discounted popularity count of skill c;, denoted Ac as:

/16}. = log, (ncj + 1),
which ensures that . ; does not grow too quickly and that 4., = 0 whenm.; = 0. Finally, we min-max

normalize /1C]. across all skills to obtain the scaled popularity-based opportunity cost coefficient Y,

_ /10}. — min ()IC].)
ll)c]- - max (/16}.) — min (/'ICJ.)'

such thatlpcj is bounded between Oand 1. Note that a larger Ac; (greater popularity) yields a smaller Y,

A proper measure of the proficiency of freelancer r,, should capture their mastery of high-quality
and complex skills in the completion of tasks. Since we lack a direct measure of a skill’'s quality or
complexity, we use the average hourly wage of tasks requiring that skill as a proxy. This is because tasks
with higher hourly wages are more likely to demand higher-quality and more complex skills.

For instance, tasks requiring the skill “Python” have an average hourly wage of $117, whereas
tasks requiring the skill “Word” have an average hourly wage of $88. Accordingly, we set the quality
level of “Python” to 117 and that of “Word” to 88. A freelancer’s overall proficiency is then proxied by

the sum of the quality levels of all their skills.



Formally, we denote c,. ; as the i-th skill possessed by freelancer 7, and denote G(c,,, ;) as the
average hourly wage of tasks that requiring skill ¢, ; (i.e., the quality level of the skill). We define the

proficiency of freelancer r,,,, denoted I,. , as follows:

B
I, = Z G(Crm,i)
i=1

where B is the total number of skills possessed by freelancer ;.
Next, we min-max normalize I, across all freelancers to yield the proficiency-based scaled extra
cost coefficient ¢,. :

Iy, —min(ly, )

B max(Irm) —min(l,, )’

(l)rm: 1

such that ¢, lies between 0 and 1. Note that larger I, (greater proficiency) yields a smaller ¢, .



Online Appendix C: Proof that the Learning Cost Is Irrelevant to the Learning Order
Assuming § = [cy, ..., cp, ..., cyl and 8’ = [c4, ..., cp, ..., cy] are two different permutations of the
same skill set o, where H = |g| is the cardinality of o. The learning costs under these two different

learning orders are:

H h—-1
cost(a;8; 1) = Z 1—(e;,)"(es, + z ec,),
h=1 i=1

H h-1
cost(o; 6" ;1) = Z 1- (ecg)T(ef“m + Z ecg).
h=1 i=1

The difference between the two is:
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T T
— pS
= eTm ( (ec’ ) - Z (ech) > + Z (ec;l) ec{ - Z (ech) ecl
h=1 h=1 h=1i=1 h=1i=1

T
Both XH_ (ec;l) and Z’,Ll(ech)T refer to the sum of the embeddings of skills in o, which are

identical regardless of the order. Thus, their difference is 0.

T T
Similarly, both Y.5_ (e r) e . and YH_ ¥hl(e.,) e represent the sum of all pairwise

inner products of the embeddings of skills in . Since the set ¢ is unchanged, these sums are also identical

and their difference is 0.

Therefore, cost(o; §; 13,,) — cost(a;6’;13,,) = 0. In other words, the learning cost cost(o; §;7;,,)

is independent of the order in which the skills are learned, and hence is irrelevant to the learning order.



Online Appendix D (Case Study 1): Examples of Freelancer-Task Matching
We illustrate how our system matches freelancers to suitable tasks using two freelancer profiles
and five matched tasks for each (Table D1). For each freelancer, we provide their number of reviews,

country of origin, title, and current skillset. For each matched task, we present the task title and required

skillset.
Freelancer 1 [# Reviews Received| 730 | Country of Origin | Venezuela
Title SEO Master - Real Quality Backlinks
Freelancer SEO, Internet Marketing, Link Building, Marketing, Article Writing, Blog,
Skillset Search Engine Marketing, Photography, Social Media Marketing
Task 1 SEO digrtal marketing for website
Skillset SEO, Link Building, Internet Marketing, Marketing, Search Engine Marketing
Task 2 I need SEO for my website
Skillset Internet Marketing, Link Building, Marketing, Search Engine Marketing, SEO
Task 3 For 2021 SEO Work for WEBSRANKER
Skillset SEO, Link Building, Internet Marketing, Marketing, Search Engine Marketing
Task 4 Wix Web store SEO Link Building, Marketing, Search Engine Marketing
Skillset Internet Marketing, Link Building, Marketing, Search Engine Marketing, SEO
Task 5 SEO for my website
Skillset Internet Marketing, Link Building, Marketing, Search Engine Marketing, SEO
Freelancer 2 |[# Reviews Received| 357 | Country of Origin | Venezuela
Title Wordpress Expert, 3D LOGO, Website Design
Freelancer Website Design, HTML, PHP, Graphic Design, WordPress,
Skillset HTML5, MySQL, SEO, Blog Install
Task 1 Design Conversion and Setup on Wordpress
Skillset Anything Goes, Blog, CSS, SEO, Social Networking, Website Design, WordPress, XML
Task 2 Convert a Template to a Website
Skillset Adobe Flash, HTML, PHP, PSD to HTML, Website Design
Task 3 Create a CSS Stylesheet for Simple Mobile Website
Skillset CSS, HTMLY5, PHP, PSD to HTML, Website Design
Task 4 Convert PSD to HTML to Building Wordpress Website
Skillset PSD to HTML, HTML, WordPress, Website Design, PHP
Task 5 PSD to Joomla Website (or Wordpress)
Skillset CSS, HTML, Joomla, PHP, WordPress

Table D1. Examples of Tasks Recommended to Freelancers
Freelancer 1 demonstrates expertise in Search Engine Optimization (SEO). Accordingly, the
system matched them with tasks emphasizing Internet Marketing and SEO. In contrast, Freelancer 2

exhibits competence in Website Design. The system matched them with tasks such as WordPress setup,



template-to-website conversion, and PSD-to-HTML integration. These examples show that our system
effectively identifies task opportunities aligned with freelancers’ skills, thereby enhancing the relevance

and quality of freelancer—task matches.



Online Appendix E (Case Study 2): Examples of Skill Embeddings
A key feature of skill embeddings is that semantically similar skills should be located close to
each other in the embedding space. To visually examine this property, we applied Principal Component
Analysis (PCA) to reduce the dimensionality of the learned skill embeddings and plotted them based on
the two most significant components, which serve as the horizontal and vertical axes in Figure E1. This

approach follows established practices in the literature (e.g., Kokkodis 2021). We specifically examined
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Figure E1. Skill Embeddings Mapped into a Two-Dimensional Space

two sets of cases: (1) similar skills with partially shared names, and (2) similar skills with distinct names.
In the first sub-figure, four clusters emerge that correspond to video, writing, PHP, and SQL. In
the second sub-figure, semantically related skills without shared names also cluster together. Examples
include web design (HTML, CSS, PHP, WebsiteDesign), operating systems (UNIX, Ubuntu), algorithms
(DeepLearning, Tensorflow), and photo editing (Photoshop, Adobe Lightroom). These clustering patterns
provide evidence for the efficacy of our design. Specifically, they demonstrate that the embeddings jointly
learned with the recommender through contrastive learning capture meaningful semantic relationships

among sKills.



Online Appendix F (Case Study 3): Examples of Skill Advice to Freelancers
We illustrate how our skill advisor provides guidance to freelancers who are interested in tasks
for which they are not yet competitive. Table F1 presents seven freelancer-task pairs, including the

freelancers’ existing skillsets, the skills required by the tasks, and the skill advice generated by our

advisor.

Freelancer 1

WebsiteDesign, WordPress, GraphicDesign, JavaScript, CSS, jQuery/Prototype,

Skillset PSDtoHTML, BannerDesign, LogoDesign
Task Category Web Design
Task Skill Req. CSS, HTML, jQuery / Prototype, PSD to HTML
Skill Advice HTML

Freelancer 2

SEO, LinkBuilding, InternetMarketing, Marketing, Google Adwords,

Skillset SearchEngineMarketing, ArticleSubmission, Advertising, WordPress
Task Category Marketing
Task Skill Req. InternetMarketing, Marketing, Sales, SEO, WebsiteDesign
Skill Advice SocialMediaMarketing

Freelancer 3

WebScraping, C#Programming, .NET, SoftwareArchitecture, PHP, Excel,

Skillset DataMining, MySQL, HTML
Task Category Data Processing
Task Skill Req. DataEntry, Excel, WebScraping, WebSearch
Skill Advice Python

Freelancer 4

HTML, WebsiteDesign, PHP, CSS, GraphicDesign, WordPress, Shopify,

Skillset PSDtoHTML, Photoshop
Task Category Graphic & Photo
Task Skill Req. | GraphicDesign, LogoDesign, WebsiteDesign, BrochureDesign, Corporateldentity
Skill Advice 3DModelling, Hllustrator

Freelancer 5

GraphicDesign, ConceptDesign, AfterEffects, Photoshop, Twitter, Animation,

Skillset VideoEditing, PHP, BannerDesign
Task Category Animation
Task Skill Req. VideoServices, AfterEffects, GraphicDesign, VideoProduction, ExplainerVideos
Skill Advice VideoServices, PhotoEditing

Freelancer 6
Skillset

EnglishUSTranslator, DataEntry, FrenchTranslator, ArticleWriting, Translation,
CopyTyping, EnglishUKTranslator, Proofreading, VirtualAssistant

Task Category

Translation

Task Skill Req.

Translation, EnglishUSTranslator, EnglishUKTranslator, HTML, Proofreading

Skill Advice

BusinessWriting, Editing




Freelancer 7 ArticleWriting, ResearchWriting, ReportWriting, AbnormalPsychology,
Skillset AcademicAdministration, TechnicalWriting, ContentWriting, Research, Copywriting

Task Category Business
. BusinessAnalysis, Businessintelligence, BusinessWriting, ReportWriting,
Task Skill Req. ResearchWriting
Skill Advice BusinessPlans

Table F1. Examples of Skill Advice to Freelancers
We observe two key patterns. When a task explicitly requires a skill the freelancer lacks, the
advisor naturally recommends that skill (e.g., HTML for Freelancer 1). Second, beyond missing
requirements, the advisor also recommends complementary skills that enhance competitiveness in the
target domain (e.g., SocialMediaMarketing for Freelancer 2 in Marketing; Python for Freelancer 3 in Data
Processing). Together, these patterns demonstrate that the skill advisor generates targeted and
contextually relevant recommendations, supporting freelancers’ reskilling decisions and long-term career

development.
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Online Appendix G: Model Generalizability Analysis on a New Dataset

In this section, we demonstrate the generalizability of our proposed FESA by applying the model
to a newly collected dataset. This dataset, obtained in April 2024 from a major online labor market,
comprises 1,884 freelancers, 41,027 completed tasks, and 1,615 distinct skills. Among the freelancers,
1,834 distinct skillsets are observed, suggesting that nearly every freelancer has a unique combination of
skills. In contrast, the 41,027 tasks exhibit 12,865 distinct skill requirements.

To simulate a realistic scenario where a model trained on an earlier dataset must be applied to an
evolving online labor market, we directly applied the model trained on the 2022 dataset to the 2024
dataset and assessed its generalizability.

Since the original dataset was collected, many new skills have emerged. Because the model
jointly learns skill embeddings during training, embeddings for these newly introduced skills are not
available, creating an out-of-vocabulary challenge commonly encountered in natural language processing.
Following established approaches (e.g., Garneau et al. 2019; Khodak et al. 2018), we address this issue by
substituting the embeddings of unseen skills with the average embeddings of other skills in the
freelancer’s profile (or in the task post’s requirements) that already have embeddings available.

Tables G1, G2, Figure G1, and Table G3 report the results of Evaluation 1: Evaluating Freelancer
Competitiveness, Evaluation 2: Alternative Skill Embedding Methods, Evaluation 4: Skill Advisor for
Improving Freelancer Competitiveness, and Evaluation 5: SKill Advice Diversity Analysis, respectively.
Across all evaluations, our proposed FESA significantly outperformed the benchmark methods (p < .001;
significance notations are omitted in the tables), consistent with the findings reported in Section 4 of the

main manuscript.
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Method

K=10

K =20

K =30

HR

MRR

NDCG

HR

MRR

NDCG

HR

MRR

NDCG

Apriori

0.2005
+0.0025

0.0360
+0.0010

0.0710
+0.0010

0.2990
+0.0040

0.0400
+0.0010

0.0915
+0.0015

0.3985
+0.0095

0.0430
+0.0010

0.1105
+0.0025

LSA

0.3028
+0.0022

0.0330
+0.0007

0.0875
+0.0005

0.5775
+0.0027

0.0443
+0.0004

0.1460
+0.0007

0.7623
+0.0026

0.0493
+0.0004

0.1818
+0.0004

TextMatch

0.1965
+0.0045

0.0355
+0.0005

0.0690
+0.0010

0.2975
+0.0005

0.0395
+0.0005

0.0910
+0.0003

0.3960
+0.0050

0.0425
+0.0005

0.1100
+0.0010

SkillText
Match

0.0990
+0.0043

0.0300
+0.0008

0.0457
+0.0017

0.1960
+0.0073

0.0363
+0.0012

0.0697
+0.0024

0.2980
+0.0079

0.0403
+0.0012

0.0917
+0.0024

TasRec

0.6075
+0.0065

0.2595
+0.0075

0.3410
+0.0070

0.7770
+0.0020

0.2715
+0.0065

0.3840
+0.0050

0.8665
+0.0095

0.2745
+0.0065

0.4030
+0.0040

PJENN

0.1665
+0.0125

0.0225
+0.0005

0.0520
+0.0030

0.2695
+0.0075

0.0265
+ 0.0005

0.0740
+0.0020

0.3725
+0.0055

0.0295
+0.0005

0.0935
+0.0005

BPJFNN

0.2363
+0.0021

0.0303
+0.0005

0.0727
+0.0005

0.3490
+0.0024

0.0350
+0.0008

0.0970

+0.0008 [+0

0.4370
.0033

0.0373
+0.0005

0.1140
+0.0008

BTR

0.1460
+0.0036

0.0203
+0.0005

0.0463
+0.0012

0.2553
+0.0048

0.0243
+0.0005

0.0693

+0.0012 [+0

0.3563
.0042

0

.0273

+0.0005

0.0887
+0.0009

MV-CoN

0.2335
+0.0023

0.0821
+ 0.0004

0.1171
+0.0002

0.3688
+0.0002

0.0912
+0.0005

0.1510
+0.0003

0.5041
+ 0.0020

0

.0966

+0.0004

0.1797
+0.0001

FESA

0.7874
+0.0005

0.3854
+0.0009

0.4805
+0.0008

0.9073
+0.0002

0.3939
+0.0008

0.5110

+0.0007 [+0

0.9521

0

.0006

.3957

+0.0008

0.5206

+0.0007

Table

Gl. Res

ults for Evaluating Freelancer Competitiveness

Method

K=10

K =20

K =30

HR

MRR

NDCG

HR

MRR

NDCG

HR

MRR

NDCG

Word2vec

0.2380
+0.0004

0.0770
+0.0012

0.1143
+0.0008

0.3893
+0.0005

0.0872
+0.0012

0.1522
+0.0010

0.4889
+0.0022

0.0912
+0.0011

0.1734
+0.0005

BERT

0.1931
+0.0008

0.0637
+0.0002

0.0933
+0.0001

0.3537
+0.0008

0.0747
+0.0003

0.1337
+0.0003

0.4901
+0.0013

0.0801
+0.0003

0.1626
+0.0004

GloVe

0.2142
+0.0003

0.0696
+0.0005

0.1029
+0.0002

0.3569
+0.0007

0.0792
+0.0003

0.1386
+0.0003

0.4790
+0.0013

0.0841
+0.0003

0.1645
+0.0001

FESA

0.7874
+0.0005

0.3854
+0.0009

0.4805
+0.0008

0.9073
+0.0002

0.3939
+0.0008

0.5110
+0.0007

0.9521
+0.0006

0.3957
+0.0008

0.5206
+0.0007

Table G2. Results for Alternative Skill Embedding Methods

Method

One

Skill

Three Skills

Five Skills

Ten Skills

Gini

Entropy| Gini

Entropy

Gini

Entropy

Gini

Entropy

SkillPop

0.9994

0.0000

0.9982

1.5849

0.9970

2.3219

0.9940

3.3219

Apriori

0.9993

0.0000

0.9980

1.5851

0.9967

2.3220

0.9935

3.3219

SVvD

0.9993

0.0000

0.9982

1.5594

0.9967

2.3324

0.9935

3.3304

Greedy

0.9801

4.5586

0.9558

5.8187

0.9403

6.2062

0.9668

5.0723

Skillrec

0.9775

5.4880

0.9699

5.8715

0.9638

6.1284

0.9511

6.5670

Bayesian

0.9675

6.0804

0.9331

7.1405

0.9112

7.4570

0.8669

8.1444

FESA-Explore

0.9746

5.6884

0.9661

6.1106

0.9633

6.2303

0.9619

6.2848

FESA-Exploit

0.9346

6.7784

0.9101

7.2494

0.8929

7.5441

0.802

1

8.5827

Table G3. Results for Skill Advice Diversity Analysis

12




0.8
0.7
0.6
0.5
0.4
03
0.2
0.1

0.0

1.0

0.8

0.6

0.4

0.2

0.0

1.0

0.8

0.6

0.4

0.2

0.0

80 100 150 300

Rank

(a) Advising One Skill

200 600 1000 1500

80 100 150

Rank

(b) Advising Three Skills

200 300 600 1000 1500

1.0
0.8
0.6
0.4
0.2
0.0

25 30 40 60 80 100 150 200 300 600 1000 1500 25 30 40 60 80 100 150 200 300 600 1000 1500

Rank Rank
(c) Advising Five Skills (d) Advising Ten Skills
—k- SkillPop  -Mi- Greedy -@- Skillrec -¥W- Apriori —A- SVD - Bayesian =@- FESA-Explore == FESA-Exploit

Figure G1. Skill Advising Success Rates
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Online Appendix H: Sample Screenshots of the User Interface Used by the Experiment

Our Al needs to understand the skills you currently pos

opportunities for you. Please answer the following questions

inorder to recommend suitable job

What iz your field of work? Please zelect the most appropriate field, then didk "Confirm” to continue.

Website Design

Confirm

What skillz do you currently possess? You can search for shills uzing partial matches. Pleaze prioritize selecting the
=kills you consider most valuable and reprezentative, and choose at least 10 skills. After seledting your skills, click
"Submit,” and please wait patiently while our Al processes the information in the background. Once the background

processing is complete, you will receive instructions on the next stepa. (Fuzzy search is avsilable)

HTML x  HTIP x

€55 x  SQL x

Submit

HTMLS x

WebAPl x

XML x

Java x

JavaScript x

Python x

The fifty most popular skills in this field are listed below for your reference.

CS5

eCommerce
Shopify Templates
iQuery/Prototype
Photoshop

SED

Linux
Codeigniter
Android

Design

Link Building

05 Commerce

PHP

Graphic Design
HTMLS

Woo Commerce
Logo Design
Magento

Web Security
OpenCart

Data Entry
Java

iPhone
React.js

Virtuemart

Website Design
JavaScript
Shopify
Shopping Carts
Joomla
Prestashop
Laravel

Mobile App Development
Plugin
Elementor
SQL

Banner Design

WordPress
MySQL

PSD to HTML
Software Architecture
Web Hosting
Bootstrap

User Interface/1A
AJAX

Python

NET

Angular JS

Anything Goes

Figure H1. Interface for Participants to Input Their Skillset
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Task opportunity 3
Task mame: HTML Product Content Upload Person Needed
Task compensation: 52-8 USD f hour

Task description: Meed a person who can deal with content and HTML on Wordpress and Regular
websites.

Make sure you are expert in HTML and know website and can handle things fast.
What you will do will be explain to you.
Need to work only on skype for 8hours.

Task requirement: Data Entry, Virtual Assistant, Web Search, Website Design

Based on your current skills, our Al has found that your competitiveness among potential
applicants has not made it into the top 10%. You need to acquire the following skills to
significantly improve your chances of getting this task (or a similar task).

Skill#1: Website Design (high learning cost, significantly increases competitiveness)

Skill#2: Data Entry (high learning cost, significantly increases competitiveness)

9.Given our Al's recommendation, how much total time are you willing to spend on developing these =kills in the

near future?

® Please select 20 hours 40 hours 60 hours 80 hours 100 hours

Submit

Figure H2. Interface for Participants to Respond Based on Skills Recommended
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Online Appendix I: Survey Questions of the Experiment (and English Translations)

GETTING TO KNOW THE PARTICIPANT SECTION

BATMIN TR E T IR R, DME T AEHERE TN . 18RIZ DUT A,
Our Al needs to understand the skills you currently possess in order to recommend suitable job
opportunities for you. Please answer the following questions.

L PR TAR U ? 18 e i S i, AN iy “WRiN” 488t
What is your field of work? Please select the most appropriate field, then click “Confirm” to continue.

2. TIAE SR B REA RS 2 B m i H 7 DL RC ) 77 SR R RE, IR Se i U W s i (B
RBEACRIERTEE, 2008 10 RE. WA, sl “3R587 , SRR O AFs JATH)
ANTHERITE G, FEAHE NG, 6 T —Pifr. (T THeHE %)

What skills do you currently possess? You can search for skills using partial matches. Please prioritize
selecting the skills you consider most valuable and representative, and choose at least 10 skills. After
selecting your skills, click “Submit,” and please wait patiently while our Al processes the information in
the background. Once the background processing is complete, you will receive instructions on the next
steps. (Fuzzy search is available)

CHOOSING A TASK OPPORTUNITY SECTION

R RE R, RO AN TR BEONESRE] 7 LU =R T & W18 E X L AE
HRAL IR AN ZEK, ARG IR PRI RIEOGER ) — 1

Based on the information you provided, our Al has found the following three task opportunities for you.
Please review the descriptions and requirements of these opportunities carefully, then select the one you
are most interested in.

TAEAFR 1 Task name 1
TAEHRIH 1 Task compensation 1
TAEHEA 1 Task description 1
TAEFREE SR 1 Task requirement 1
TAEAFR 2 Task name 2
TAEHRTH 2 Task compensation 2
TAEHEA 2 Task description 2
TAEHRE%k 2 Task requirement 2
TAELFR 3 Task name 3
TAFEHRIH 3 Task compensation 3
TAEHEIA 3 Task description 3

TAERfE®ERk 3 Taskrequirement 3

TR BRI AR AR

Please select the task opportunity you are most interested in.
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fE =i, AN TR RENEHESRE T AR TAENL 2 o X IR R i ?
On the last screen, you were presented with three task opportunities. How satisfied are you with this set of
task opportunities?

1-AFHE A= 2 3 4 5 6 7 - AFH =
1 — Not satisfied at all 2 3 4 5 6 7 — Extremely satisfied

SKILL RECOMMENDATION SECTION

To manipulate ranking information availability (available vs. unavailable):

[Information available condition manipulation

AR S IE FHRe, FRATIIN T8 58 R I B 4 JUAE T 72 SRR B HHsa SR RAE BT ST 10%. &8T5
BRI RS, A REEE TSRS X AR A (BEEFRIR LB rtls.

Based on your current skills, our Al has found that your competitiveness among potential applicants has

not made it into the top 10%. You need to acquire the following skills to significantly improve your
chances of getting this task (or a similar task).]

[Information unavailable condition manipulation

RIEEIA BHEE, AN TR s AN R EER T8, 4 e F e X maRAF i T
(BRI TAE) bl .

Based on your current skills, our Al has found that you need to acquire the following skills to

significantly improve your chances of getting this task (or a similar task).]

To manipulate reskilling advice (exploration vs. exploitation):
[Exploration reskilling advice condition manipulation

o HifE L(BURZESI A, NidE msed 1)

Skill 1 (high learning cost, significantly increases competitiveness)

o e 2 (BURZES A, Kide misi % )

Skill 2 (high learning cost, significantly increases competitiveness)]
[Exploitation reskilling advice condition manipulation

o HiRE 1(BUNFEAI UK, MMEIR S TS )
Skill 1 (low learning cost, incrementally increases competitiveness)

o TLRE 2 (BN A, /INIEHR =5 35 4+ 77)

Skill 2 (low learning cost, incrementally increases competitiveness)

o TLHE 3(BUNESI A, /INIEHR 55 38 4+ 77)

Skill 3 (low learning cost, incrementally increases competitiveness)

o IUHE 4 CBUNFESI AR, MIESE i TEF 7))

Skill 4 (low learning cost, incrementally increases competitiveness)
o TXHE 5 (BUNFEI A, MBI H 34+ 7T)
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Skill 5 (low learning cost, incrementally increases competitiveness)

o AL 6 (BUNFESIEA, MBS H L5 1)

Skill 6 (low learning cost, incrementally increases competitiveness)]

DEPENDENT MEASURES SECTION

RAEFAIA TE R, EUE SR EIL L DI [ R 25 X LR A ?
Given our Al’s recommendation, how much total time are you willing to spend on developing these skills
in the near future?

20 /NS 20 hours
40 /NE 40 hours
60 /|NHsf 60 hours
80 /N 80 hours

100 /INEsf 100 hours

A L — RN, IR SRS IL[] /NN 2 28 RE, MR =3k X IR T AE (B3
HIRTAE) Wbl XTLUTARmiEae, GOrlRE SN 2 /N ke =) g2

On the previous page, you indicated that you are willing to spend a total of [ ] hours on developing new
skills in the near future to improve your chances of getting this task (or a similar task). How many hours
are you willing to devote to each of the following skills?

Hifg X /N
Skill X hours

WRAE B IUA FIBREA TARR I, YO HRE A Zd &7

Based on your current skills and work experience, how well do you think the following skills suit you?

6 7T-EFES

BeRE X 1-AF¥AEE 2 3 4
3 6 7 — Extremely suitable

5
Skill X 1— Not suitable atall 2 4 5
TEIN R CL T B RERHE SR X S R TAEH 2 KRAL?

How useful do you think the following skills would be for obtaining tasks you desire?

Hifg X 1-HBAEETH 2
Skill X 1 — Not useful at all 2

4 5 6 7-dEFHEH

3
3 4 5 6 7 — Extremely useful

BT H HERX MR TAE EERUERIRTAE) |, BB EE T RN TR A 2 K2
Assuming you intend to apply for this task (or a similar task), how likely are you to try to acquire the
following skills?

Hige X 1 - KEEMA e 2

4 5 6 7-HAEHE A RE
Skill X 1 - Not likely atall 2 5

6 7 — Extremely likely

w w
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ATTENTION CHECK AND DEMOGRAPHICS SECTION

FEARYCBT T, FATH N TR B 5 LA SRR s 7 AR SR IR BRI R L 2
In this survey, did our Al show your relative position among potential job candidates in the following
ways?

Yes
2 No

2| f

FEARYCRT R, FATTHI N TR fe i @l 21 LB Re 2
In this survey, how many new skills did our Al suggest that you learn?

o 1-2
e 34
e b5+
P51 :
Gender:
e 5 Male
e Female
o A, THULH: Other, please specify:
H A A
Year of birth:
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