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1. System Configuration

1.1 Hardware Environment

The proposed ATS resume screening system was implemented and evaluated using the following
infrastructure:
e The Processor used Intel Core i7
e RAM: 16 GB
e GPU Optional but used for efficiency for Tab-Transformer model acceleration.
e Storage: 512 GB SSD for fast dataset access and model checkpoints
This configuration ensured efficient execution of preprocessing, clustering, deep
learning model training, and interactive deployment without system latency.

2. Software Requirements
To execute the project, the following software environment is required:

PROGRAMMING LANGUAGE: PYTHON 3.5+

DEVELOPMENT IDES: JUPYTER NOTEBOOK

VISUAL ANALYTICS TOOLS: POWER Bl (DASHBOARD CREATION)
STREAMLIT

DEPLOYMENT & INTERACTIVE INTERFACE: STREAMLIT FOR RESUME
SCREENING APP

3. Libraries

This system leverages a combination of deep learning, NLP, visualization, fairness analysis, and
deployment libraries. The key libraries include:



Ai Arithmetic Fairness in resume Screening

import pandasz as pd
import nurpy as o
import matplotlib.pyplet as plt
import re
import itcrtcals
import gender_gucsser.detector as gender
import scabarn as ns
import ast
from collections import Countcor
import torch
import shap
import torch.nn as nn
import torch.optim as optim
from sklcarn.proprocessing import StandardScaler
from sklcarn.cluster import KMcans
from sklcarn.model_sclection import train_test_split
from sklcarn.metrics import accuracy_score, classification_report, confusion_matrix
import cptuna
import joblib
from sklcarn.model_sclection import StratificdkFold
from sklcarn.metrics import accuracy_score, precision_score, recall score, f1_score
from sklcarn.metrics import (
rec_curve, auc,
precision_recall curve, average _precision_score,
confusion_matrix

import strcamlit as st

Figure 1. Import all libraries
4. Folder Structure

This is the root folder structure below consisting of all the demo artifacts including code, dataset,
report and configure manual.

> Downloads > Research - Practicum >

N Sort v+ = View v
Name Date modifi\éd Type Size
v Today
_ Visualizations 10/12/2025 10:17 File folder
v Yesterday
U Al-Resume-Pipeline 09/12/2025 19:28 PY File 2KB
_ Thesis- Report 09/12/2025 22:23 File folder
_ Data-Preprocessing 09/12/2025 22:17 File folder
_ Video Presentation and PPT 09/12/2025 22:06 File folder
~ Github Folder 09/12/2025 22:05 File folder
- Code 09/12/2025 20:52 File folder
~ Models 09/12/2025 17:54 File folder
— Datasets 09/12/2025 17:46 File folder
v Last week
pages 07/12/2025 20:13 File folder
v Last month
@l ResumeExamples 27/11/2025 22:37 OpenDocument Te... 13KB

Figure 2. Research -Practicum Folder



> Downloads > Research-Practicum > Datasets

T Sort ~ = View ~
MName Date modified Type Size
- Last month
D Entity.tsv 21/11/2025 16:24 TSV File 54,816 KB
p*/ Resume 21/11/2025 15:19 Microsoft Excel Co... 54,955 KB

Figure 3. Datasets are inside this Folder

> Downloads > Research - Practicum > Models

N Sort = View
Name Date mod fved Type Size
Today
D KMeans_Cluster.pkl
D KMeans_Cluster_Scaler.pki
Ij TabTransformer_Cat_Maps.pkl

D TabTransformer_Final_Model.pt 09/12

D TabTransformer_Hyperparams.json

u TabTransformer_Scaler.pkl 09/12/2025 17:25

Figure 4. Models are downloaded in this folder

A. Directory:
The root folder directory structure including all files are given below,

Research Practicum (Root Project Folder)
— datasets/

—— Resume

— Entity.tsv

— data_preprocessing/

—— Resume_ATS_Updated.csv

—— Resume_ATS_Cleaned.csv

—— Resume_ATS_Corrected.csv

—— Resume_ATS_Final.csv

— models/

—— TabTransformer_Final _Model.pt
—— TabTransformer_Cat_Maps.pkl
—— TabTransformer_Scaler.pkl

—— TabTransformer_Hyperparams.json
—— KMeans_Cluster.pkl

—— KMeans_Cluster_Scaler.pkl

— code/

—— Al_Resume_Fairness_Screening.ipynb
—— Supporting Python Scripts

— streamlit_app/
—— Al_Resume_Pipeline.py
—— pages/




—— 1_Fairness_Analysis.py

—— 2_Resume_Evaluation.py

—— 3_Rejection_Explanation.py
—— 4 _Visual_Insights.py
——5_Advanced_ATS_Insights.py
6_Resume_Compare.py

— reports/

—— thesis.pdf

—— configuration_manual.pdf

— github_repository/
—— models/

—— data/

—— requirements.txt
—— README.md

— visualizations/
—— PowerBI| Dashboards/
—— Streamlit Deployment Link

5. Workflow to replicate the experiment
I. Setting Up Environment

« Ensure that all the required software and Python libraries are installed.
* Open Jupyter Notebook.
« Set the working directory to the folder containing the dataset files.

I1. Data Collection and Augmentation Primary dataset

The datasets were collected from Kaggle and stored it in the Research practicum >Datasets folder>
as mentioned in the above figure 3. Here are the two datasets links mentioned.

1. https://www.kaggle.com/datasets/snehaanbhawal/resume-dataset.

2. https://lwww.kaggle.com/datasets/raoofhaushad/resume-named-entities- csv.

I11. Data Pre Processing

Resume data required substantial preprocessing due to inconsistency in structure and
formatting. The preprocessing stage involved the following steps are text Extraction and
HTML tags, PDF metadata, embedded formatting, tables, headers, and footers were
removed. The extraction process focused on preserving pure textual content.


https://www.kaggle.com/datasets/snehaanbhawal/resume-dataset
https://www.kaggle.com/datasets/raoofnaushad/resume-named-entities-csv
https://www.kaggle.com/datasets/raoofnaushad/resume-named-entities-csv
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Figure 5. Exploratory Data Analysrs on Category Platform, education and skills

The datasets were not concatenated but were integrated through entity-to-text matching, where
tokens from the entity dictionary were extracted from resume text to derive structured ATS
features, effectively merging both datasets into a unified modelling table.

[ T P g ey g
resume_df [ "matched_designations"] = resune_d{. clean_resume”].str.findall(regex_designation)
resume_df [ "matched_skills"] = resume_df["clean_resume”].str.findall{regex_skills}
resume_df [ "matched_esducation”] = resume_df["clean_resume”].str.findall{regex_education})
resume_df [ "matched_certifications"] = resume_df["clean_resume"].str.findall{regex_cert)
resume_df [ "matched_companies”] = resume_df["clean_resume”].str.findall{regex_company)
resume_df["matched_locations”] = resume_df["clean_resume”].str.findall(regex_location)

# 6. FEATURE COUNTS

resume_df["skill count®™] = resume_df["matched_skills"].apply{len)
resume_df["designation_count”] = resume_df["matched_designations"].apply(len)
resume_df [ "education_count™] = resume_df["matched_education®].apply{len)
resume_df [ "certification_count”] = resume_df["matched_certifications"].apply(len}

Figure 6. Merging both datasets
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Figure 7. Final dataset after Concatenation
IV. Model Execution

A. K-means Clustering
The strong and weak labels by doing K- Means clustering, the data was divided using 80-20
stratification, and hyperparameter optimization on number and weight of neighbors.

Label distribution (auto_selected):
auto_selected

] 1833

1 651

Name: count, dtype: inted

[1 2025-12-89 19:01:45,956] A new study created in memory with name: no-name-5482481a-ff£7-4@1f-9598-02b8e14e6577
Train size: 1863 | Test size: 621
Using device: cpu

k4. Best value: 0.99s36: 100% [, ;s (0>:3<000

e 91,936] Trial @ finished with value: 9.97 225442834 and paramet
‘1r': 0.8002724238635428081, 'bat
21,549] Trial 1 finished
"1 9.8002703281845673,
] Trial 2 finished with
9.800724852814161 t:H/"~ *batch_:
[1 2025-12-09 19:03:07,282] Trial 3 finished with value: ﬁ..’.@iiblédl 12877 and paramet:

Figure 8. Label distribution using K means Cfusterlng

1': 48, 'n_heads’: 2, n_layers': 3, 'dropout’:

st is trial 8 wi
4685475 and paraTe ters: {
t a3l 1w

: 32, 'n_heads’: 4, 'n_layers': 2, 'dropout':
6344605475,
, 'n_heads’: 4, 'n_layers': 2, 'dropout':

92
[1 2025-12-09 19:
9.27220885872!

9

s': 4, 'n_layer 3, 'dropout':

B. Tab Transformer

The main predictive engine is constructed using a Tab Transformer model combining
embeddings with standardized numerical ATS features. Transformer encoders allow the
system to grasp feature interactions that conventional tabular models frequently miss. The
model undergoes training with an 80/20 division to maintain the ratio of strong and weak
resumes, in both sets guaranteeing an unbiased assessment.

TabTransformer Model

1: ATA IR L
a thy\Dounloads\Research - Practicum\Data-Preprocessing\Resune ATS Update. cav

Figure 9. Loaded the Tab-Transformer model
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Figure 10. Classification Report and confusion matrix with F1
score 0.99 accuracy

Tramning Loss Curve (TabTransformer) Test Accuracy Curve (TabTransformer)
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Figure 11. Training loss and Test Accuracy Curve
C. Explainability Shap And Fairness

Explainability and fairness are addressed through a dedicated module where SHAP is applied to
generate global and local interpretability outputs, including summary plots and force plots that
highlight individual feature contributions. Fairness metrics specifically selection rate and disparate

impact are computed across non-sensitive groups such as job category and resume platform to
assess Whether the system exhibits any unintentional bias.



shap

o) 2 SHAP FOR TABIRANSFORMER (PyTorch) USING Kerneléxploiner| B ™3 &5 0
print("\n#" Starting SHAP Kernclixplainer for TabTransformec...”)
# 1. BUILD PREDICT FUwCTION

def model_predict(x_nuwpy):
x_numpy -5 shape (N. num_features)

Splits into nuweric + catcgorical, returns probability peedictions.

num_dim - X_n
cat_dim - X_cat_train.zhape{l

# split into numeric v cotegoricol temsors
x_num - torch
x_cat - rorch.t

x_numpy(:, Inus_dim
x_numpy[ :. num_din:

ype~torch. float32) . to(device)
ype(np.int62), dtype-torch.long)-to(device)

final_model.cval()

with torch.no_grad():
logits - fimal_model(x_nuw, x_cat)
probs - torch.zoftmax(logits, dim-1)

return probs () .numpy() = (N, 2)

#'2. BACKGROUND DATA FOR SHAP (5@ rows rocommended)
print(*V Preparing background datasct...)

background_size - 5@
background - np.concatcnate(
X_num_train| :background_size],
X_cat_train[ :background_sizc]
. axis-1) # shope - (5@, 5)

# 3. INITIALIZE SHAP Kerncléxploiner
print(*V Initializing SHAP Kerncleéxplainer (may take 1@-20 seconds)...”)
explainer - shap.Xerneléxplainer(

model_predict,

background
)

d Showing SHAP Summary Plot...

C:\Users\Kanisha Pathy\AppData\Local\Temp\ipykernel 46996\7459@7856.py:87: Futuredarning: The NurPy global RNG was seeded by calling “np.random.seed
. In 2 future version this function will no lenger use the global RNG. Pass rng’ explicitly to cpt-in to the new behavicur and silence this warnin
B-

shap. summary_plot(

Ski"_count e -*“'.. LTI TR L R

designation_count -

High

word_count
certification_count

ATS_score

Feature value

education_count
Category

platform

. , T t T T Low
-06 -04 =02 00 0.2 0.4 0.6

SHAP value (impact on model output)
Figure 12. The SHAP summary plot visualizes how skill count, word count, ATS score

contributes to the model’s predictions across all resumes, showing both direction and magnitude
of influence



SHAP Waterfasll Plot...

designation_count
word_count -0.03 .

certification_count 0.01 ‘
education_count e ‘
platform 1
ATS score ;
‘ +0

Category

0.0 0.1 0.2 0.3 0.4 0.5 0.6
ETf(X)]

ALL SHAP VISUALIZATIONS GENERATED SUCCESSFULLY!

VF‘igure 13. The SHAP force and waterfall plots explain the model’s reasoning for a
single resume by showing which features pushed the prediction toward strong or weak
classification.

Does Resume Length Affect ATS Score?

ATS Score vs Word Count (With Trendline)

label_str
@ strong
Weak

ATS_score=0.65
skill_count=10

-

4 ®

ATS_score

Figure 14.This image decribes how does the Resume Length afftect ATS score



Fairness Analysis

groups - df[ featurc).unigue(

sclection_rates -

for g in groups:

sr - (df(df{feature] = g|["y_pred”| <« positive_label).mean()
scloction_rates[g) - round(sr, 3)
reference - max(sclection_rates.values()) # best perforwing group
di_scores « {g: round(sclection_rates[g| / reference, 2)

for g in sclecticn_rates

return scloction_rates, di_scorcs

def cqual_opportunity(df, feature):
groups - df| featurc].unique(

tpr_scorcs -

for g in groups:

gdf - df [df[featurc| -« 3
tp « ((gdf{"y_truc®) == 1) & (gdf{"y_pred®) «= 1)).zun()
fn - ((gdf("y_truc"]| == 1) & (gdf{“y_pred®| -« 8)).sun()

tpr = tp / (tp + fn + 1c-B)
tpr_scorcs(g) - round(tpr, 3)

return tpr_scores

DEMOGRAPHIC PARLT
def demographic_paraty(df, feature):
groups - df{ feature].unique()

dp_scores -

for g in groups:
dp_scares{g] -« round((df|df|[feature]| <« g!["y_pred® | <« 1).mcan(), 3)

return dp_scores

Figure 15. Fairness metrics specifically selection rate and disparate impact are computed
across non-sensitive groups such as job category and resume platform to assess whether the system
exhibits any unintentional bias.

V. Model Evaluation

=====_FINAL TUNED TABTRAMSFORMER RESULTS =====
iest Test Accuracy: 8.9935587761674718 I

Final Classificaticn Report:

precision recall fl-score support

8.998 B8.991 B.9895 458

8.976 B.994 8.985 163

accuracy 8.992 £21
macro aveg 8.987 B8.993 8.998 B21
weighted avg @.992 8.992 8.992 621

Figure 16. Classification report and F1 score with accuracy



Steps Method Used Function Performed | Results
Automatically Fair, scalable pseuo_lo-
labels replacing

1.Labelling Layer

K-Means Clustering

determined strong vs
weak resumes

missing HR  ground
truth

2.Prediction Layer

Tab Transformer

Learned resume
quality patterns and
predicted strengths

Accuracy-0.99 &
generalization,
outperforming

baselines

3.Explainability
Layer

SHAP

feature
to

Analyzed
contribution
predictions

Transparent reasoning
enabling candidate
Improvements in
selection.

4.Fairness &

Bias Auditing

Verified
unbiased  outcomes
and made the system
interactive

Fairness done for the
platform, categories

5.Deployment Layer

Streamlit

Five analysis
developed and
performed  through
interactive screening

page

interpretable, usable
Al Resume screening
solution  for  both
candidates and HR

Fairness

== PLATFORM FAIRNESS ===

Selection Rate: {'Ir

S, 'MEALTHCARE™: 8.36,
GNER': @.333,
URE™: 8.231, "FINANCE': 8.2,

ARTS": 8.4, 'FITNESS':
"BUSINE
*: 8.72, "ARTS': 0.8, 'FITI
ENGINEERING®: 8.428,
2, "FINANCE

ENGINEERING': ©.214, 'TEACHER'

‘TEACHER'
: 8.4, 'BUSINESS-DEVE

©.292, 'BANKING": ©0.346, '"PUBLIC-RELATIONS'
8, "CONSTRUCTION .5, "CONSULTANT'
PMENT 8.154, "INFORMATION-TECHNOLO

‘BANKING™: 8.692, ‘PUBLIC-RELATIONS
"CONSTRUCTION®: 1.8, "CONSULTANT'
ENT': 8.388, "INFORMATION-TECOWNOLOGY

: 1.8, "BANKING™: 1.8, 'PUBLIC-RELATION!
@, 'CONSTRUCTION®: 1.8, "CONSULTANT': 1.8,
" INFORMATION-TECHNOLOGY " -

228, "CONSTRUCTION': 8.5, "CONSU
MENT " =

1.8, "DIGITAL-MEDIA': 1.8,

0.154, "INFORMATION-TECHNOLOGY': @.37,

1.8, "APPAREL": 1.
'CMEF': 1.@, 'SALES": ’
"AUTOMOBILE":

, "APPAREL": 0.11
333, 'CHEF": 8.895,

'DIGITAL-MEDI

Figure 17. Fairness analysis among platform,Category features using SR, DI and TRP.
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Platform with Highest Rejection Count

platform
LinkedIn

Referral

J platform=LinkedIn
count=1

Indeed
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count
o
]
S

Company Website
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platform

Figure 18.Fairness analysis among platform where the rejection happens more.

V1. Deployment

Run Streamlit locally using Al- Resume-Pipeline.py:

(base) C:\Users\Kanisha Pathy>cd "C:\Users\Kanisha Pathy\Downloads\Research - Practicum"

(base) C:\Users\Kanisha Pathy\Downloads\Research - Practicum>streamlit run AI-Resume-Pipeline.py

http://localhost:8525
http://192.168.0.220:8525

Figure 19. To run streamlit- Locally by using Ai-Resume-Pipeline.py which is in folder Research
Practicum mentioned in figure 2.

Streamlit is developed in both locally and in deployed as public using github.Here is the github link:
Resume-ATS-Screening-Fairness-App/data at main - kanishaPathy/Resume-ATS-Screening-
Fairness-App

& C @ httpsy/github.com/kanishaPathy/Resume-ATS-Screening-Fairness-App/blob/main/pages/1_Fairness_Analysis.py

(=] B pell @ Apps |&| 64-bit Java for Wind... ) Imported From I[E  # Gmail @B YouTube %@ Maps & gmail account sign.. B studies

= O kanishaPathy / Resume-ATS-Screening-Fairness-App

Q Type (/] to search
<> Code (@ Issues 171 Pullrequests & Actions [ Projects [0 Wiki @ Security [~ Insights &3 Settings
[ Files Resume-ATS-Screening-Fairness-App / pages / 1_Fairness_Analysis.py (&
¥ main > +|Q kanishaPathy Refactor fairmess analysis script for clarity
Q Go to file t
Code Blame 118 line 11 o & e e [ M B &
> data
> models
v pages # p
a -
| [ 1_Fairness_Analysis.py . g 38

port streamlit as st

[ 2_Resume_Evaluation.py

pandas as pd

matplotlib.pyplot as plt
[ 3_Rejection_Explanation.py DEE Sudl i e e

[ 4_Dashboard_Insights.py

sns.set(style~"whitegrid”)
[ 5_Advanced_ATS_Insights.py

st.title("ldl Fairness Analysis - HR View")

[ 6_Resume_Compare.py
[ Al-Resume-Pipeline.py

[ requirements.txt

ad the saved df_test from


https://github.com/kanishaPathy/Resume-ATS-Screening-Fairness-App/tree/main/data
https://github.com/kanishaPathy/Resume-ATS-Screening-Fairness-App/tree/main/data

Github Folder X e

& D C () > Downloads > Research-Practicum > Github Folder >
® New N Sort = View sen
A Home Name v Date modified Type Size
Today
PR Gallery
data 9/12/2025 17:0 File folde
v @ OneDrive - Personal
models 1 File folde
Apps
pages 1 e ie
Attachments Last week
@l Desktop -| requirements 02/12/2025 00:54 Text Document 1KB
2 Documents —| Al-Resume-Pipeline File B
B4 Dirtirac

Figure 20. Git-hub code is used to deploy streamlit application. The code related to github is in
this git-hub folder

Streamlit — link Explainable ATS Resume Screening - Streamlit.

Al-Resume-Pipeline

Explainable ATS Resume
platn Screening System

on E: anati
Sehis This app acts as an intermediary between HR teams and candidates.
+ % HRPanel - Understand model fairness, bias, and decision patterns.
« @ Candidate Panel - See why a resume was rejected and how to improve it.

« I visual Analytics - Compare selected vs rejected resumes.
Use the left sidebar pages:

* Fairness Analysis

* Resume Evaluation
Rejection Explanation & Improvement
Visual Insights

e **Advanced ATS Insights

« **Resume Comparison -( Strong Vs Weak )

W Fairness Analysis B Resume Evaluation

B Visual Insights @, Advanced ATS Insights

< Manage app

Figure 21. This is the homepage of the Resume Screening Application Interface


https://resume-ats-screening-fairness-app-6tqgmnphebxl7q43lia6ah.streamlit.app/
https://resume-ats-screening-fairness-app-6tqgmnphebxl7q43lia6ah.streamlit.app/

B Resume Evaluation with ATS +
SHAP Explainability

Resume Evaluation with ATS +
SHAP Explainability

£ Upload Resume or Paste Text
Upload your resume (PDF, DOCX, or TXT):

: Drag and drop file here
Limit

rfile - PDF, DOCX, TXT

Browse files

D Kanisha Pathy Venkatapthy Balaji - BC_Resume .docx 31.4K X

Or paste your resume text here:

Platform: Job Category:

Company Website v ACCOUNTANT

Figure 22. Resume Evaluation page evaluates the Resume and tells whether the resume got
selected or rejected.

4 SHAP Force Plot

Figure 23.Shap plot visualizations of the Selected / rejected reusmes.



Resume Rejection Explanation &
Improvement Plan

®, Why the Resume @ ATS Profile Radar
Was Classified as
Weak/Strong?

STRONG.

+ The resume aligns with strong profiles, but

Cantfications
some areas still weaken confidence.

« designation_count negatively affected the
strength score (SHAP).

« certification_count negatively affected the
strength score (SHAP).

« Category negatively affected the strength score

(SHAP).

@ Resume Strength Score

# Improvement Checklist
(Dynamic & Category-

Speaﬁc) Resume Strength (0-100)

« ®
v Already Strong:

@ Skills section looks strong.

@ Education section looks good.

@ ATS keyword match is acceptable.

A\ Needs Improvement:
@ Add role-relevant certifications such as:

@ - Add at least one certification relevant to

Figure 24. Resume rejection tells why the resume got rejected and give some suggestions for the
resume to get selected.

B Resume Evaluation with ATS +
SHAP Explainability

B Resume Evaluation with ATS +
SHAP Explainability

@ Upload Resume or Paste Text
Upload yout resurmé (PDF, DOCY, o TXTE:

: Dragand drop file here Browse files

[ r file:
[ Disease_Precicton_by_Machine_Leaming Over_Big Data_From_Healthcar... 5545

Or paste you fesime text here:

Platform: Job Category:

‘Company Website v ACCOUNTANT

®, Evaluate Resume




Figure 25.This image tells about the validation error it checks if the uploaded file is resume file
or not if it is not resume file it shows error.

6. Troubleshooting:

A number of issues can be encountered during the development and deployment process. The
common conflicts and their resolutions are summarised below:

1. Missing Model Files or Wrong Paths

Streamlit or notebook fails to load .pt, .pkl, or .json files.
e Make sure all the artifacts - model weights, scalers, cat-maps - are in the correct /models/
directory
e Update file paths in code appropriately

2. Version Mismatch Across Libraries

Incompatible versions of PyTorch, Pandas, or Streamlit may be running on different systems,
creating import or runtime errors.

e Use a virtual environment

e Lock dependencies with requirements.txt

3. Variability in K-Means Assignments

Clustering labels will slightly change with runs because of random initialization.
e Set afixed random_state, such as: random_state=42
e Save cluster labels to avoid recomputation

4, Streamlit Page Switching Errors - st.switch_page() fails when page names change or structure
changes.

e Store Streamlit pages inside /pages/

e Verifythat file names are exactly alike, except for a numeric prefix

5. Incorrect feature names when saving models
Model fails at inference because data frame column names differ from training column names.

e Keep a config dictionary that details the expected feature sets
e Standardize preprocessing during training and prediction

6. SHAP Plot Rendering Lag or Failure

Large datasets lead to slow computation of shap values or Ul crashes.
e Run SHAP sampling, e.g., use 200-500 instances only
e Cache results and reuse instead of recomputing on every load

7. Misclassification of Fairness Metric



DI values >1 or floating oscillations may confuse users.
e Correcting: Apply smoothing and clear interpretation rules
e Provide thresholds, such as DI < 0.80 indicates risk Deployment Ul Not Displaying
Correctly

Library conflicts
One of the common issues during the implementation process had to do with mismatches in the

versions of Python packages, especially PyTorch, Pandas, Scikit-learn, Optuna, and Streamlit.
Since these libraries change quite frequently, some functions behave differently across versions,
which leads to import errors, changed APIs, or model loading, training, and Ul deployments

failing.
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