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Summary Sheet

Impact of AI on Employment: A Blessing or a Curse?

Summary

Generative artificial intelligence (Gen-Al) has exerted profound influence on future employment
landscapes. Therefore, higher education institutions must adapt curricula to prepare graduates for
significant challenges posed by Gen-Al. How should specific post-secondary institutions enhance
graduate employability while effectively navigating Gen-AI? We have developed three models analyzing
the future trajectories of each career category under Gen-Al’s influence, and provide bespoke advice
for selected institutions to navigate the implications of Gen-Al.

For question 1, we need to select one occupation from each of the categories: STEM, Trade,
and Arts. We created the Career Identification Model (CI Model) using Analytic Hierarchy
Process (AHP) and TOPSIS. Within the model, we evaluated and scored 18 occupations. Among
these, Software Engineer, Construction Supervisor, and Graphic Designer ranked first within their
respective fields of STEM, Trade, and Arts, achieving scores of approximately 0.818, 0.912, and 0.682,
respectively. In conclusion, we selected these three professions for further analysis.

For question 2, we must examine the future trajectory of our three selected professions under
the current development path and anticipated impact of Gen-Al. To this end, we have established
the Gen-Al Impact Model. Utilizing Logistic Regression and Linear Regression respectively, we
analyzed the Al penetration rate across the three professions, thereby determining the impact of Gen-
Al on productivity with the Dynamic Standardization Method. Enhanced productivity brings about
shifts in employment demand. Through our Employment Demand Model, we arrive at the following
conclusions: software engineers will experience employment expansion, construction supervisors may
face contraction, while graphic designers are entering a period of fluctuating adjustment.

For question 3, we shall identify a specific higher education institution and its study program for
each of the three occupations selected, and present recommendations to the institution’s leadership on
addressing Gen-Al within the study program. We optimized the curriculum by restructuring it into
five modules: Al Foundations, Advanced Workflows, Ethical Governance, Domain Core, and Practical
Internships. Findings suggest that software engineers should substantially increase advanced Al work-
flow training, construction supervisors should prioritize integrating on-site practice with Al tools, and
graphic designers should focus on acquiring art-related design skills. Regarding admissions policy, we
linked the Employment Demand model’s employment projections to enrollment quotas. Considering
the impact of curriculum reform, we established an Enrollment Planning model. Findings recom-
mended moderate expansion for software engineers, steady growth for construction supervisors, and a
cautious approach (quality over quantity) for graphic designers.

Keywords: Generative artificial intelligence (Gen-Al), Career Identification Model (CI Model), An-
alytic Hierarchy Process (AHP), TOPSIS, Gen-Al Impact Model, Logistic Regression, Linear Re-
gression, Dynamic Standardization Method, Employment Demand Model, Curriculum Optimization,
Enrollment Planning model
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1 Introduction

1.1 Problem Background

With the rapid proliferation of Generative Artificial Intelligence (Gen-Al), its transformative
impact has extended from niche technical domains to mainstream professional landscapes, reshaping
the core demands of careers. However, a single educational strategy can not simultaneously address
the triple imperatives of graduate employability, skill adaptability, and value alignment. We want to
quantify Gen-AI’s effects on selected careers from each category, and give advice on Gen-Al-related
knowledge and skills that educational institutions embed in their specialized programs to enhance
graduate competitiveness.

To address these questions, we develop three integrated data-informed models. These analyses will
balance Gen-Al’s utility and risks, align curriculum reforms with career trajectory shifts, and ensure
recommendations account for both employability and holistic educational value.

1.2 Restatement of the Problem

Specifically, our study addresses the following three core problems:

* Task 1: Choose particular careers: Select three careers respectively from the three given
categories that are susceptible to the influence of Gen-Al.

* Task 2: Design a data-informed model: Design a mathematical model to explore the future
trajectory of each of the three selected careers, encompassing career development paths and the
anticipated impact of Gen-Al.

* Task 3: Propose advice for addressing Gen-Al: Provide three recommendations respectively
for addressing Gen-Al, for the leaders of the institutions employing the three careers.

1.3 Our Work

* For task 1, we first selected ten occupations from each of the three major occupational categories
in accordance with the requirements of the task. Subsequently, we eliminated certain occupations
using four feasibility indicators. Finally, we employed the AHP and the TOPSIS to screen out
the three optimal careers.

* For task 2, we first established analytical models for three observable metrics, subsequently
employing these metrics to estimate the penetration rate of Gen-Al with the Dynamic Standard-
ization Method. Next, we investigated the impact of Gen-Al on productivity. Finally, based on
the projection that productivity gains will alter employment demand, we forecast the employment
implications of Gen-Al for three occupations.

* Fortask 3, we first undertook course optimization, restructuring the program into five modules: Al
Foundations, Advanced Workflows, Ethical Governance, Domain Core, and Practical Internships.
This analysis identified the key courses that individuals pursuing each of the three career paths
should prioritize. Secondly, we established an admissions planning model to forecast enrollment
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numbers for training personnel across these three career streams, enabling higher education
institutions to respond to future fluctuations in talent demand.

Model 1: Career Identification Model Model 2: Gen-Al Impact Model
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Figure 1: Flowchart of our work

2 Model Preparations

2.1 Assumptions and Justification

This section lists general assumptions used for the career evaluation stage (Model 1: AHP + TOPSIS).
They are stated here to keep the evaluation procedure well-defined and reproducible.

1.

Fixed evaluation scope. All occupations are evaluated within the same scope (U.S. labor market
context) and within a consistent reference window (recent/current data when available), ensuring
cross-occupation comparability.

Indicator scale consistency. Each indicator score is mapped onto an integer scale from 1 to 5,
where larger values mean “better” under that criterion. The mapping rules are applied uniformly
across all occupations.

Comparability across occupations. Scores across different occupations are assumed comparable
on the same 1-5 scale for each indicator (i.e., a “4” on A1l for occupation i is comparable to a “4”
on Al for occupation k).

Independence for aggregation. Indicators may be correlated in reality, but for multi-criteria
aggregation, we treat each indicator as a separate evaluation dimension and combine them using a
common weight vector.
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Table 1: Notations for Career Evaluation (Model 1)
Symbol Type Meaning

i index Occupation index, i € {STEM, Trade, Arts}

j index  Indicatorindex, j € {1,...,10}.

k index  AHP hierarchy index (group-level or within-group item index).
Sij value Raw score of occupation i on indicator j (1-5 scale).

S matrix ~ Score matrix S = [s;;] of size [C| x 10.

W value Global weight of indicator j (AHP-derived, ), }gl wji=1).

w vector  Weight vector w = (wy,...,wyg).

A matrix ~AHP pairwise-comparison matrix (positive reciprocal).

w(AHP)  vector  Priority vector extracted from A (normalized).

CR value  AHP consistency ratio for the pairwise-comparison matrix.

rij value Normalized value used in TOPSIS for occupation i on indicator j.
Vij value  Weighted normalized value in TOPSIS for occupation i on indicator j.
v;f, vy value Positive / negative ideal solution components for indicator j.

ST, S value Distance of occupation i to positive / negative ideal solutions.

C; value TOPSIS closeness coefficient for occupation i (larger is better).

5. Stable preference weights. The relative importance of indicator groups and indicators (derived
via AHP) is assumed to be stable during the evaluation stage and is applied consistently to all
occupations.

6. Data sufficiency for scoring. Publicly available information is assumed sufficient to assign de-
fensible scores for the selected indicators. For any ambiguous case, a conservative scoring rule is
applied (do not overestimate).

2.2 Notations

The following symbols are only used for the career identification stage.

3 Career Identification Model

3.1 Candidate Career

Firstly, we select ten careers from each of the following three categories: STEM career, Trade career
and Arts career as shown in Figure 1. Then, we apply four hard constraints to conduct a preliminary
screening of the selected careers. These constraints are as follows:

* Project-specific binding: Must be clearly mappable to a specific institution and specific project
* Data availability: Stable access to labor market and skill data

* Clear Gen-Al mechanisms: Atleast 3 identifiable pathways for Gen-Al altering tasks/outputs/demands.
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* Educational leverage exists: Direct alignment of capability shifts through curricula, internships

After filtering, we obtained 18 careers as shown in Figure 2:

() (S

Arts Careers
de C:

-
= Trade Careers = Trade Careers
-

Figure 2: Initial Candidate Careers (30 items) Figure 3: Final Selected Careers (18 items)

3.2 Indicator System

Before we assess the aforementioned professions, we have established ten indicators, categorized
into four groups. Each indicator is evaluated on a scale of 1 to 5, with a higher score indicating a
greater degree to which the occupation fulfills that criterion.

Table 2: Summary of Evaluation Indicators

Group A Group B Group C Group D

Gen-Al Impact Labor Market Data & Modeling Institutional

Al: Automation Expo- Bl: Demand Scale C1: Decomposability D1: Controllable Course
sure B2: Wage & ROI C2: Data Availability D2: Governance

A2: Augmentation C3: Verifiability

A3: Adoption Speed

Based on the aforementioned ten indicators, we invite experts to help us score 18 careers:

3.3 Weight Analysis

We employed the AHP to analyse and derive weights for various indicators grounded in both
theoretical and empirical rationality, facilitating subsequent discussions on the impact of Gen-Al.
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Table 3: 10 Indicator Scoring Results for All Selected Careers
Profession Al A2 A3 B1 B2 C1 C2 C3 D1

=
R

Creative Writer
Sound Designer
VEFX Artist

Data Scientist 4 5 5 4 5 4 4 5 5 4
Software Engineer 5 5 5 4 5 5 5 5 5 4
Cybersecurity Analyst 4 4 4 4 5 4 5 4 5 5
Electrical Engineer 3 4 3 3 5 4 5 4 4 4
Biomedical Engineer 3 4 3 2 4 4 5 4 4 4
Actuary 4 4 4 4 5 5 5 S 4 5
Electrician 1 2 2 4 3 5 4 4 5 3
Plumber 1 2 2 3 3 5 4 4 5 2
HVAC Technician 1 2 2 4 2 5 4 4 5 3
Automotive Service Technician 1 2 2 4 2 5 4 4 5 2
CNC Machinist 2 3 3 3 2 5 4 4 5 2
Construction Supervisor 3 4 3 4 3 4 4 4 4 4
Graphic Designer 4 5 5 3 3 4 4 3 4 5
Animator 4 4 4 2 4 4 3 3 4 5
Video Editor 3 4 4 2 3 4 3 3 4 4

5 4 5 2 3 3 4 3 4 5

3 4 3 1 3 4 3 3 4 4

4 4 4 2 4 4 3 3 4 5

The matrix below compares the relative importance of different indicators.

A B C D
A 1 5 2 2
B s 1 3 3
C 3 3 1 1
D 5 3 1 1

Pairwise Comparison Matrix (Row vs Column Importance)

The group weights derived via the eigenvector method are:

w(A) = 0.449,
w(B) = 0.082,
w(C) = 0.235,
w(D) = 0.235.

6]

Consistency test:

CR = 0.0015 2)
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Since the result is far less than 0.10, it indicates excellent matrix consistency.

Subsequently, pairwise comparisons using the AHP are conducted within each major group to
derive intra-group weights. These are then multiplied by the group weights to obtain the global weights

for the ten indicators.

Table 4: Global Weights for 10 Evaluation Indicators

Indicator Global Weight

Al: Automation Exposure

A2: Augmentation and Complementarity Potential
A3: Adoption Speed and Certainty

B1: Demand Scale and Growth

B2: Wage and Return On Investment

C1: Task Decomposability

C2: Data Availability

C3: Verifiability and Backtestability

D1: Controllable Course

D2: Governance and Externalities

0.179
0.179
0.090
0.055
0.027
0.047
0.094
0.094
0.117
0.117

Note: Sum of global weights = 1 (after normalization)

3.4 Career Evaluation

We employ the TOPSIS, which is a multi-criteria decision-making method that evaluates and ranks
alternatives by comparing their distances to an ideal solution. We use the data from 18 prospects and 10
indicators to evaluate two metrics—Closeness Coefficient and Euclidean Distance, thereby selecting

the occupation with the biggest closeness coeflicient within each category.

Step 1: Compute the ideal solution, which represents the best-performing attribute value:

+— .. I — 1 ..
vj—mlaxvl] , vj—mimvlj

Step 2: Distance to positive/negative ideal solution:

st= [Soi-vpr Losi= [S-ve
J J

Step 3: Calculate the evaluation score for each career:
C = o
LOSH+S;

Through calculation, we can obtain the following table:

3)

“4)

&)

Finally, we selected: Software Engineer, Construction Supervisor and Graphic Designer.
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Table 5: Top 2 TOPSIS Results by Career Category

Category Profession Intra-category Rank C; S* S~

STEM Software Engineer 1 0.818467 0.010969 0.049455
STEM Data Scientist 2 0.605223 0.023565 0.036128
Trade Construction Supervisor 1 0.912129 0.010629 0.110334
Trade CNC Machinist 2 0.467576 0.062610 0.054984
Arts Graphic Designer 1 0.682976 0.019067 0.041076
Arts Copywriter / Creative Writer 2 0.679861 0.021400 0.045446

Note: Top 2 ranked professions from each career category are included.

4 Gen-Al Impact Model

4.1 Gen-Al Penetration Rate

This study analyzes the impact of Gen-Al on three selected professions. Before this, we first
examine how Al is currently deployed within these three sectors, namely by investigating Al impact
rates. However, directly modeling actual Al impact rates proves challenging. Therefore, we have
selected three observable proxy indicators to construct a time-varying Al impact rate:

Table 6: Variable Definitions for Gen-Al Impact Model

Al-related Investment  M;(¢)  Total corporate investment in Gen- Higher investment indicates greater
Amount Al tools. corporate propensity to promote Al
tools and higher adoption rates.

Proportion of Al In- I; (1) The ratio of Al-related investment Reflects the ‘intensity’ of Al invest-
vestment to total operational investment. ment; a higher proportion implies
greater priority for adoption.

AI Skill Mention Rate  T;(¢) Proportion of job postings men- Reflects the ‘actual implementation
in Job Ads tioning ‘Al skill requirements’ rel- level’.
ative to total postings.

Now, we establish three mathematical models for the three indicators, respectively. Specifically,
M;(t) and I;(¢) will adopt Logistic Regression, while 7;(¢) will utilize Linear Regression, given its
lack of discernible pattern. The following calculations take the Software Engineer as an example:

4.1.1 M;(z) Logistic Regression

From a practical economic perspective, corporate investment in Al-related applications does not
grow indefinitely but follows a logistical growth pattern driven by utility and risk assessment. As
illustrated in Table 7, this trajectory is characterized by three distinct phases:
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* Initial Phase: Due to uncertainty surrounding the practicality and ROI of emerging Al tools,
firms adopt a cautious approach with modest, exploratory investments, resulting in slow growth
of M;(t).

* Intermediate Phase: As the effectiveness of tools (e.g., GitHub Copilot, Gen-Al Agents)
becomes evident, companies significantly increase capital allocation to capture competitive
advantages, driving a rapid surge in M;(¢).

 Saturation Phase: Once Al tools have largely covered core application scenarios and investment
reaches the enterprise’s anticipated optimal scale, the growth rate slows and stabilizes, ultimately
approaching a reasonable investment ceiling.

Table 7: Global Market Size Trends for Al Software Design Tools (M;(t), 2021-2025)

Market Size (USD Billion) <0.5 0.8 1.0 4.5 8.14

Note: Values for 2022 and 2024 are representative estimates derived from market ranges.

This slow-fast-slow S-shaped growth trajectory aligns closely with the intrinsic characteristics of
the Logistic curve. We then construct a logistic function to map the original discrete M;(¢) observations
into a continuous, smoothed temporal curve:

Ml(t) = ’ (6)

1 + e—ki(t=to)

k;: The logistic smoothing diffusion rate coefficient for M;(7),
to: The inflection point of M;(t).

By applying the Non-linear Least Squares (NLS) estimation technique to the discrete dataset, we
solved for the specific coefficients, yielding the following equation:

1319670

M;(t) = | + ¢-0411483(1-2064.94) )

4.1.2 I;(r) Logistic Regression

Similarly, /;(¢) follows a logistic growth trajectory comparable to the one discussed above. It begins
with a slow initial phase due to low emphasis, accelerates rapidly as Al efficacy is proven, and stabilizes
upon reaching an optimal saturation point. The corresponding modeling function is given by:

1

li1) = | + e—kri—17)

®)

The meanings of k;; and #; are similar to those of k7; and .
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We utilized the NLS to perform parameter estimation on the observed data. The final regression
model is derived as:

100
I;(1) = 1 + ¢—0.253026(1—2029.23) ®

2500

Percentage (%)

Bilion Dollars

Figure 4: M;(t) Figure 5: I;(¢)

4.1.3 T;(t) Linear Regression

In contrast to the logistic saturation seen in investment, Al skill demand exhibits a gradual rise.
Given the extended cycle of workforce transformation, the market remains in an ascending phase
without immediate saturation. Therefore, we approximate this trajectory as a linear model within our
study’s timeframe. The linear equation:

T;(t) =ki-t+b;+¢€ (10)

k;: the linear growth slope of 7;(¢).
b;: the linear intercept of 7;(1).

We utilized the Ordinary Least Squares (OLS) algorithm to perform parameter estimation on the
observed data. The resulting fitted function is given by:

Ti(t) ~ 1.196¢ — 2397.295 (11)

4.1.4 Impact Model

After we have constructed models corresponding to the three indicators, we can now utilize these
three indicators to forecast the Gen-Al impact rate. However, M;(¢), I;(¢) and T;(z) possess differing
units of measurement. Therefore, we first standardize the function M(t).

We conduct a dynamic standardization method for Al investment amount M;(t), which calculates
the current investment’s progress towards achieving the target based on the projected ideal investment
amount for 2034. By dynamically compressing the target time frame through the time adjustment factor
i, the target time is brought closer to the present. The resulting progress metric M (t) accurately
reflects the investment progress as genuinely perceived at that moment and aligns with contemporary
investment perceptions. M (t) is defined as:
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M;(1)

M;(t + ¢(2034 — 1))

M;: represents the investment growth curve we have estimated;

¢(2034 — ¢) is a function that enables us to dynamically adjust the target time;

Based on the actual auxiliary effects of Gen-Al on professions and the characteristics of investment
growth curves, we can assign flexible values to ¢;, dynamically narrowing the gap between the target
time and the present. The resulting M (z), expressed as a percentage between 0 and 1, standardizes
the dimensionality while providing a realistic, normalized investment metric.

M (1) = (12)

Subsequently, we can fuse the three standardized indicators according to their respective weights
(calculated using the AHP) to obtain the final Al impact rate a;(¢)

a;i(t) = wim - M (t) + wig- Ii(t) + wir - T; (13)

100% -

80% -

40% -

Al Impact Rate a(t)

20% -
=== Graphic Design
=== Construction

= Software Dev

0% = ' ' v ' '
2024 2026 2028 2030 2032 2034

Year

Figure 6: Al penetration rate

4.2 Productivity Efficiency Model

Building upon the Al penetration rate a;(¢) derived from the previous step, this section establishes
the Productivity Efficiency Model. This model translates the abstract penetration of technology into
quantifiable gains in occupational productivity.

After forecasting the future impact rates of Gen-Al across three occupations, we task each profession
with completing three identical types of professional tasks:

To empirically determine task shares (6x;) and efficiency coeflicients (ay;), we established a
computational pipeline that integrates granular occupational definitions from the O*NET Database
with Al capability metrics from the Anthropic Economic Index.

Firstly, we mapped O*NET task descriptions to Anthropic’s capability data using a three-stage
cascade algorithm:
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. Definition Efficiency Time Reduction

Coef. Factor

Al-Generable Tasks T Tasks that can be di- 6g,; ac, 1+ ag,ia;(t)
rectly generated or fully
automated by Gen-Al
(e.g., coding, drafting).

Al-Augmented Tasks T4 Tasks significantly en- 604; @4, 1+ aaa(t)
hanced by Al-assisted
capabilities (e.g., data
analysis).

Human-Constrained Tasks 7y  Tasks inherently 60y; ag;=0 1
bounded by human fac-
tors (e.g., negotiation,
liability).
1. Exact Match: Direct string equality after normalization.

2. Fuzzy Match: Sequence similarity matching (Python difflib) with a threshold of > 0.75.

3. Keyword Match: Jaccard similarity of semantic keywords with a threshold of > 0.25.

| O*NET | 3-Stage Match S
i Database (Exact/Fuzzy) as ares

__________ I ; 0G,04,0H

Score Calculation
$G,84,SH
Weighted Sum ici

I . Capability (Weig ) Efficiency
Anthropic Vector Coeffs
Lo Index Extraction (V) G, A, ¥H

Figure 7: Overview of the Data Processing Pipeline

Secondly, we extracted the Anthropic capability vector Vi = [Vair, V fb, Viters Vvals Viearn, V fitr] for
each matched task k. We defined the raw scores for Generative (S¢), Augmented (S4), and Human-
Constrained (Sg) dimensions as:

SGk =vair +0.8-vyp
SA,k = Viter + 0.8 - Vyar + Viearn (14)

SHk = Vil

Thirdly, we define that task shares for occupation i are a weighted combination of the empirically
matched data and a domain-specific fallback distribution:
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Amatched fallback
Nmatched * Qr)r(za Y+ Nunmatched * HX
Niotal

Where @?‘”"hed is the normalized ratio of the summed scores ), Sx x across all matched tasks.

15)

Ox,; =

Fourthly, we calculate the efficiency coefficients. They are derived from the average intensity (v)
of the relevant capabilities across the occupation. We construct bounded linear mappings to translate
these intensities into time-reduction factors:

ag,;=0.4+0.4 - -min(Vg + Vyp, 1.0)
a4 =0.15+0.2 - min(Vjzer + Vyar, 1.0) (16)
apg; = 0.01+0.04 - max(0, 1.0 — (¥ ity + Viearn))

ag € [0.4,0.8] reflects high automation potential;

aa € [0.15,0.35] reflects moderate assistance;
ag € [0.01,0.05] reflects negligible Al impact on human-constrained tasks.

Finally, applying this pipeline to our three case study occupations yields the specific parameters
listed in Table 8.

Table 8: Calibrated Model Parameters
Task Shares (¢)  Efficiency Coeff. (@)

Occupation e 04 On ag aa ay

Graphic Designers 0.30 0.28 0.42 150 040 0.05
Construction Mgrs 0.13 030 0.58 0.80 040 0.03
Software Devs 022 0,51 027 120 050 0.05

These parameters result in varying productivity trajectories. By 2034, Software Developers are
projected to achieve a 33.7% productivity gain, whereas Construction Managers see a more modest
13.2% increase due to the bottleneck of human-constrained tasks (6y = 0.58).

Once we have ascertained the values of the parameters, we derive the overall effective productivity
improvement for profession i:

1
Pi(1) = 0G.i 0a,i On,i a7
1+CYGJ'L11'([) 1+(1A,,~a,’(t) 1+05H,iai(t)

Where %W(X = G, A, H) reflects the proportion of effective working hours allocated to a

particular category of tasks, representing the contribution of such tasks to the total working hours.

This model translates Al penetration levels into quantifiable gains in occupational productivity,
precisely calculating productivity differences across professions at the micro-task level. It builds upon
the Al impact rate a;(¢) and progresses to the output of productivity index P;(z). What’s more, it cal-
culates productivity based on task classification rather than entire occupations, reflecting the research
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Figure 8: Task Composition (6) by Occupations

logic that AI’s impact on professions fundamentally stems from its influence on specific tasks within
those occupations.

Taking Software Developers in 2034 as an example, with a penetration rate a(t) ~ 0.74, the
productivity index is calculated as:
Psof1(2034) = —g5 0.511 oz 1337 (18)
1+12:074 ¥ 1505074 ¥ 140.05:0.74
This implies that a task package requiring 1 unit of time in 2023 can be completedin 1/1.337 = 0.75
units of time in 2034, representing a 33.7% efficiency gain.
Similarly, we can calculate the productivity gains for the other two occupations, as shown in the

table 9 below.

Table 9: Projected Productivity Gains by 2034

Occupation Penetration Rate «(2034) Productivity Index P(2034) Efficiency Gain
Graphic Designers 62.2% 1.270 +27.0%
Construction Managers 66.6% 1.132 +13.2%
Software Developers 74.4% 1.337 +33.7%

4.3 Job Vacancy Model
4.3.1 Baseline data

Firstly, based on employment data from the U.S. Bureau of Labor Statistics (BLS), we established
a baseline employment trend Ey;(#). We applied linear interpolation to estimate the annual baseline



Team 2306116 Page 14

employment in the absence of Gen-Al interference:

2034 _ E2024
2024 0,i 0,i
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Figure 9: Changes in the Number of Three Occupations (2023-2033)

4.3.2 Al-impacted Employment

However, when productivity increases,like Gen-Al being applied to production activities, causing
production costs decrease, and then employment demand may change. Therefore, we have established

the following mathematical model to forecast changes in the number of jobs under the impact of
Gen-Al:

1+¢; (Pl'(l) - 1)
Pi(1)

* Substitution Effect (described by #(t)): As productivity P;(?) rises, fewer workers are needed
to accomplish the same workload. This force drives employment down.

Ei(t) = Eo(t) -

(19)

» Expansion Effect (described by 1 + &;(P;(t) — 1)): Higher productivity reduces costs and
improves service quality, which stimulates market demand. This force drives employment up.

The parameter g; represents the Demand Elasticity of the occupation. It determines the net outcome
of the supply-demand game. We calibrated &; based on industry characteristics:

1. High Elasticity (¢; > 1): Expansion Effect > Substitution Effect — Employment increases
2. Low Elasticity (&; < 1): Expansion effect < Substitution effect — Employment decreases.
3. Moderate Elasticity: Expansion effect = Substitution effect — Employment remains unchanged

The &; values for different occupations are pivotal in explaining why, despite Al boosting produc-
tivity across the board, employment grows in some occupations while declining in others.



Team 2306116 Page 15
Substitution |
| Fewer workers Effect |
Efficfency "| per unit output } 1
Productivity | 3 Net Out-
Growth | . ccome
Pi(t) 1 | ' “Depends on
! ' Elasticity
Competitiveness Lower Costs :I Expansion 3
> & Higher i Effect !
Quality ; !

Figure 10: The Tug-of-War between Substitution and Expansion Effects

5 Courses and Admissions

5.1 Course Optimisation

This section proposes an institution-level curriculum redesign model that proactively reduces Gen-
Al disruption to students and improves graduates’ adaptability.

5.1.1 Decision Variables

We allocate the total program contact hours into five components. Let x; be the share of total hours

for occupation i allocated to component k (3 xz; = 1):

x1: Al General Literacy (Tools, productivity, information handling)
x2: Advanced Al Workflow (Profession-specific workflows)

x3: Ethics & Governance (Copyright, bias, compliance)

x4: Domain Core (Fundamental professional knowledge)

xs: Practice & Projects (Capstone, internship)

5.1.2 Optimization Results

We define an Adaptability Index R;(x;) to measure a graduate’s robustness. It is a weighted

geometric mean of learning saturation functions:

Ski(xki) = 1 — exp(=Bixii),

There are shared default learning-rate parameters:

k=1,...,5,

(ﬁl»ﬁ2’33aﬁ4aﬁ5) = (6’ 5’4’4’ 5)

(20)

21
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Besides, we add a synergy term which ensures that Al skills (x,) are only effective when backed by
strong domain foundations (x4 + x5):

Syn;(x;) = 1 — exp(—f6 x2i(x4; + x5:)),  Po = 8. (22)
We then define the overall adaptability index using a weighted geometric mean:
1

Ri(x) = (S1783 S5 S S5 Syno ) Foes oo ©3)

i

The weights {w,,;} are generated from Chapter 4:

(061,04, 0H,), 0G,;+0a;+0u;=1, (24)

We set unnormalized weights:

wi; = ¢1 06,

Woi = €204,

W3; = €31, Wi

~ Wmi = Z¢ - - (25)
Wai = 0p,i(1 = 03), 0o Wi

Ws; = Oy 05,

Wei = €604,

Here r; € [0, 1] is a governance-risk index (higher for occupations with stronger attribution risk);
o; € [0, 1] allocates human-constrained requirements between domain core and practice.

We use shared constants:

(c1,c2,¢3,¢6) = (1.0,1.3,0.3,0.7), (26)
and occupation-specific (r;, 07):
Graphic Designer: (r,o) = (1.0,0.55),

Construction Supervisor: (r,o) = (0.6,0.70), (27)
Software Engineer: (r,o) = (0.7,0.45).

Using the selected occupations’ task shares from Chapter 4:

Graphic Designer: (6g,604,65) = (0.2967,0.2833,0.4199),
Construction Supervisor: (6g,04,605) = (0.1251,0.2952,0.5797), (28)
Software Engineer: (6g,604,60y) = (0.2205,0.5113,0.2682),

The resulting normalized weights (w1, ..., wg) are:
Graphic Designer: (0.1874, 0.2326, 0.1895, 0.1194, 0.1459, 0.1253),

Construction Supervisor: (0.0848, 0.2601, 0.1220, 0.1179, 0.2751, 0.1401), 29)
Software Engineer: (0.1281, 0.3862, 0.1220, 0.0857, 0.0701, 0.2079).
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For each occupation i, we choose x; to maximize adaptability:
5
max Ri(x;) st Zxki =1, xx > 0, (30)
k=1
* Software Engineer:
x4 +x5>0.55 x5>0.18, x3>0.05 x;+x=>0.25. 3D
* Construction Supervisor:
x4 +x5>0.70, x5>0.30, x3>0.06, x;+x,>0.18. (32)
* Graphic Designer:
X4 +x5>0.60, x5>0.20, x3>0.10, x;+x>0.22. (33)

We solve the smooth constrained optimization using the equivalent objective max log R;(x;). The

optimal curriculum hour shares X’ are:

Graphic Designer: x* = (0.1059, 0.1769, 0.1172, 0.2985, 0.3015),
Construction Supervisor: x* = (0.0514, 0.1743, 0.0743, 0.2950, 0.4050),
Software Engineer: x* = (0.0890, 0.2684, 0.0926, 0.3038, 0.2462).

Graphic Designer Construction Supervisor Software Engineer

Advanced Al Workflow Advanced Al Workflow Advanced Al Workflow

Ethics & Gover Ethics & Governance ’
Al General Literacy ’
Domain Core l'

Practice & Projects

Ethics & Governan

M’.
’.11
0.3
Domain Core
0.30

Practice & Projects

Figure 11: Optimal Course Schedule

5.2 Enrollment Policy Adjustment

(34)

Al General Literacy

We translate the employment demand forecasts E;(¢) from Chapter 4 into actionable annual admis-

sions targets.

5.2.1 Employment Demand Trajectories

Let E;(t) denote the Employment Demand Model output for occupation i in year ¢.
Table 10 lists the provided E;(z) values (2024-2034).
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Table 10: E;(t) for the selected occupations.

Year

Egp(t)

Ecs(t)

Esk(1)

2024
2025
2026
2027
2028
2029
2030
2031
2032
2033
2034

261639.56
261278.12
260705.19
259992.59
259337.80
258912.06
258770.08
258871.08
259142.52
259520.55
259961.01

542788.57
545091.09
547570.17
550439.97
553654.82
557051.54
560469.69
563786.07
566907.90
569758.91
572269.17

1736468.17
1768253.79
1800522.46
1833170.03
1866057.84
1899027.42
1931919.40
1964591.98
1996934.79
2028875.57
2060379.80

5.2.2 Annual Entry Openings O;(t)

Admissions should be aligned to the market’s annual capacity to absorb new entrants. We therefore
convert the stock level E;(t) into annual entry opportunities O;(t) via:

0i(t) = max{0, E;(r) — E;(t = 1)} + 6; Ei(t = 1),

(35)

Where the first term captures employment growth (if positive), and the second term captures
replacement openings due to separations (retirements, occupational transfers, etc.). We treat §; as a

constant annual separations rate.

Default values used in computation:

ocp = 0.072,

ocs = 0.073,

5.2.3 Curriculum Reform as a Matching Gain

osg = 0.048.

(36)

Section 5.1.2 produced an adaptability index R;(x;) € (0, 1) for each occupation under its optimized
curriculum. We convert this to a multiplicative matching advantage:

k=1 +/1Rl'(X;-k),

(37)

Where A is a policy parameter representing the maximum achievable matching improvement from
curriculum reform (default: 4 = 0.3).

Using the Section 3.1 results:

R = 0.54825,

We obtain:

kgp = 1.1645,

We use two scenarios throughout:

Rig = 0.56688,

kcs = 1.1701,

Rip = 0.60429

ksg = 1.1813.

(38)

(39)
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* SO (Conservative): follow market openings only (no market-share gain), i.e., x; = 1.

* S1 (Reform Upper-Bound): curriculum reform yields the matching gain «; in Eq. (37).

5.2.4 Admissions Timing and Target Enrollment Index

Let y denote the admissions year and let L; be program length for occupation i:
Lep=4, Lsg=4, Lcs=2 (40)

Thus, admissions in year y primarily affect graduation/entry in year t = y + L;.
We define an admissions index N;(y) relative to the 2025 cohort:

N;(2025) =1, and actual admissions A;(y) = A;(2025) N;(y). 41)

We define the farget index based on openings ratios. Let the baseline openings yearbe g = 2025+L;.
Then:

(0) O,(y +L;)

D: = — 42
! ) 0;(2025 + L;) (S0), 42)
(1) O:(y +L;)

D: =K S1, fi > 2026). 43
! (y) K 0,(2025 + Ll) ( ory ) (43)

5.2.5 Annual Adjustment Cap

To reflect capacity constraints, like faculty hiring lead time, capstone supervision and internship
slots, we impose a hard cap on year-to-year admissions change:

n=0.10 (atmost + 10% per year) (44)

We implement this with a clipping operator:

Ni(y) = elip(Di(3), (1=mNi(y = D, (1+m)Ni(y = 1)), (45)

Where D;(y) is either DEO) (y) or DEI) (y) depending on the scenario.

5.2.6 Admissions Paths

Applying Eqgs. (35)—(45) to the provided E;(¢) series yields the following implementable admissions
indices:

* Software Engineer track: L =4
* Construction Supervisor track: L =2

* Graphic Designer track: L =4
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Table 11: Admissions path for Software
y t DO N D N

2026 2030 1.0123 1.0123 1.1958 1.1000
2027 2031 1.0234 1.0234 1.2089 1.2089
2028 2032 1.0335 1.0335 1.2208 1.2208
2029 2033 1.0429 1.0429 1.2319 1.2319
2030 2034 1.0518 1.0518 1.2425 1.2425

Table 12: Admissions path for Construction
y ; DO NO  pm N

2026 2028 1.0129 1.0129 1.1852 1.1000
2027 2029 1.0227 1.0227 1.1966 1.1966
2028 2030 1.0290 1.0290 1.2039 1.2039
2029 2031 1.0324 1.0324 1.2080 1.2080
2030 2032 1.0335 1.0335 1.2093 1.2093

6 Model Evaluation

6.1 Strengths

* Data-Driven Design of Observable Proxy Metrics: The model employs three observable
proxy metrics—Al-related investment amount M;(t), proportion of Al investment /;(¢), and Al
skill mention rate in recruitment advertisements 7;(#)—to construct Al penetration rate a;(7),
thereby circumventing the challenge of difficulty in directly measuring true penetration rates. All
proxy metrics are obtainable through public channels such as corporate investment reports and
recruitment platform data, enhancing the model’s reproducibility and practical applicability.

* Methodological Adaptability and Innovation: Differentiated smoothing approaches are se-
lected based on the growth characteristics of each proxy metric. S-shaped growth for M;(t) and
I;(t) is modeled using logistic regression, while the progressive increase of 7;(z)’s incremen-
tal growth is modeled using linear regression, ensuring precise fitting of each metric’s growth
trajectory. The innovative introduction of a dynamic standardization method employing the
time adjustment coefficient ¢; resolves the perspective misalignment issue inherent in traditional
standardization, aligning the progress metric M (¢) with real-time cognitive logic.

» Adapting to Occupational Heterogeneity: Core parameters (time adjustment coefficient ¢;) are
occupation-specific, fully accommodating the differing Al impacts across STEM, trade, and
arts occupations. For instance, trade occupations exhibit lower ¢; values, while STEM occupa-
tions demonstrate higher g; values. This alignment with real-world occupational characteristics
enhances the model’s interpretability.
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Table 13: Admissions path for Graphic Design
y ¢ DO NO  ph N

2026 2030 0.9984 0.9984 1.1626 1.1000
2027 2031 1.0032 1.0032 1.1682 1.1682
2028 2032 1.0127 1.0127 1.1793 1.1793
2029 2033 1.0195 1.0195 1.1872 1.1872
2030 2034 1.0243 1.0243 1.1928 1.1928

6.2 Weakness

* Proxy indicators exhibit limited coverage dimensions: The three categories of proxy indicators
focus solely on corporate investment and recruitment demand, failing to encompass other Al pen-
etration dimensions such as practitioners’ actual frequency of Al tool usage or skill proficiency.
Concurrently, proxy indicator data may contain biases, thereby impacting the computational
accuracy of a;(t).

* Parameter calibration exhibits subjective dependency: Although parameter fitting employs
objective methods, the initial range for core parameters relies on industry reports or expert
judgment. Different initial settings may induce model output bias, lacking a unified calibration
standard.

* External interference factors are insufficiently integrated: The model’s core focus on the
direct impact of Gen-Al overlooks external variables such as government Al policies, indus-
try economic fluctuations, and breakthrough technological advancements. These factors may
significantly alter Al penetration trajectories or employment demand, potentially introducing
discrepancies between model predictions and reality.
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Report on Use of AI Tools

A. Al tools used (with model/version and purpose)

1.

2.

3.

OpenAl ChatGPT (accessed: 2026-02-03; model: GPT-5.2 Thinking; platform: ChatGPT
web Ul)
Purpose(s) of use:

* Clarifying the evidentiary basis for Step2 rubric scoring (A1-D2) and how to justify 1/3/5
anchors using O*NET task descriptions and BLS labor market statistics.

* Drafting and revising explanatory text for the report (methodology articulation, rubric-to-
evidence mapping, and appendix writing).

* Generating an initial template for this Report on Use of Al Tools.
Translation tools: Not used (if used, list tool name + date/version and a one-line description).

Code copilots / autocomplete: Not used (if used, list tool name + date/version and usage).

B. Verification, accuracy, and plagiarism safeguards

Because Al tools may produce incorrect statements or fabricated citations, all factual claims and
references suggested by Al were treated as untrusted until verified. We applied the following safeguards:

Source verification: Any labor-market numbers (employment, wages, growth) were checked
against primary sources (e.g., BLS) before inclusion.

Task evidence verification: Any task/skill claims were cross-checked against O*NET occupa-
tion summaries before inclusion.

Citation integrity: All citations suggested by AI were checked for existence, correct ti-
tle/author/date, and relevance; incorrect or unverifiable citations were removed.

Anti-plagiarism: We did not paste Al-generated text verbatim as final writing without substantial
editing; we ensured that no Al output reproduced substantial copyrighted text from external
sources.

Human responsibility: Final modeling decisions, parameter choices, interpretations, and con-
clusions were made by the team.

C. Prompt and output log (excerpted from our ChatGPT interaction)

Note: The entries below are copied from the same ChatGPT conversation thread used during prepara-
tion. We include the portions that influenced our workflow and writing. (If you prefer strict compliance

with ¢

1.

‘complete output”, replace excerpts with the full assistant outputs.)

Query (rubric scoring basis)
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\Gen-AT\A1A2A3

Output (excerpt):

A1A2A3 \"
+ Ai
O*NET //

How we used it: We adopted the “definition—evidence—anchor-rule” structure as the formal
justification template for Step2 scoring write-up.

2. Query (requesting concrete references for why 4 vs 5)

54

Output (excerpt):

1{5 /
BLS Occupational Outlook Handbook / Employment Projections
O*NETNIST NICE Framework ABET / CS2023

Evidence/Notes

How we used it: We added an evidence column in our internal scoring worksheet and bound
each score to at least one primary-source evidence item.

3. Query (recompute 18-occupation scoring; user provides final pool + rubric anchors)

18A1D2...
18 STEM/Trade/Arts 6 A1{D2 1/3/5

Output (excerpt):

O*NET + BLS A1{D2
O*NET
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How we used it: We used the proposed mapping logic as a starting point, then re-checked and
recalibrated scores against official BLS/O*NET data before finalizing.

4. Query (generate Use of Al report based on COMAP policy)

ICM 2026pdf Use of AI Report

Output (excerpt):

\Report on Use of AI Tools" AI //
Query/Output

How we used it: We used the template structure and replaced placeholders with the specific
tool/model and the prompt log excerpts above.

D. Statement of disclosure completeness

We affirm that the Al tool usage disclosed above reflects all Al-assisted technologies used in preparing
this submission, and that we verified the accuracy and appropriateness of Al-generated content and any
references prior to inclusion.



