
ML END2END
PIPELINE

T I P S  F R O M  R E A L -
W O R L D  P R O J E C T S



An end-to-end machine learning
project  a ims to take a  model  f rom
idea to  real -wor ld  use ,  inc luding
data p ipel ines ,  deployment ,
monitor ing ,  and updates.  

A stat ic  project  in  a  notebook
usual ly  stops at  t ra in ing and
test ing the model ,  wi thout
worry ing about  how i t  runs in
product ion or  keeps working over
t ime.  

The end-to-end approach makes
the work useful  outside the
notebook.

INTRO / PURPOSE
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1/ SET ENVIRONMENT

I t ’s  important  to  set  a  project
structure before start ing your
project .  Some components
appear  in  most  ML project ,
make sure to  include them.

PROJECT
STRUCTURE

Run th is  command in
project ’s  terminal  to
create a l l  the structure
for  you.

Why? Because ‘most ’  ML projects  have a  s imi lar  st ructure  so no
need to  keep doing the same th ing over  and over



1/ SET ENVIRONMENT

INSTALL LIBRARIES AND
CREATE VIRTUAL ENVIRONMENT

Run this  command in
project ’s  terminal  to
create v ir tual
environment  and instal l
l ibrar ies using ‘uv ’ .  uv
in  this  case speeds up
the instal lat ion.

Run this  command in
project ’s  terminal  to
create requirements.txt .
Include al l  needed
l ibrar ies.

Why? Each project  needs a  dedicated envi ronment  to  avoid
dependency conf l icts .



Go to GitHub.com, s ign in  to
your  account ,  and create a
new repository.

1/ SET ENVIRONMENT

SET GIT &
GITHUB

Run these commands in
project ’s  terminal  to  in i t ia l ise
GIT,  add a  Readme f i le ,  commit
your  f i rst  change,  and l ink your
project  to  GitHub

Why? Each project  needs a  dedicated envi ronment  to  avoid
dependency conf l icts .



Where data comes from
 •  CSVs,  SQL/NoSQL databases,  APIs ,  c loud storage

Light  preprocessing at  th is  stage
 •  Rename columns,  parse dates ,  drop dupl icates
 •  Apply  consistent  schemas or  dtypes ear ly

Reproducibi l i ty
 •  Use loading scr ipts ,  not  manual  steps
 •  Vers ion input  data i f  possib le

2/ DATA INGESTION

Why? Because broken inputs  =  broken p ipel ine.  C lean ,  consistent
ingest ion is  the foundat ion of  every  ML project .

Before you analyze or  model  anyth ing ,  you need to
load your  data re l iably  and reproducib ly.



3/ DATA VALIDATION

Why? Bad data s i lent ly  breaks your  p ipel ine.  Val idat ion catches
issues ear ly ,  before  they corrupt  t ra in ing or  h i t  product ion.

You want  to  va l idate  incoming data before  engineer ing features or
t ra in ing.

Are column names/types correct?
Are there missing or  out-of-range values?
Do values match expected formats?

WHAT TO CHECK

Best  pract ice
I f  va l idat ion fa i ls ,
fa i l  fast  and stop
the pipel ine.

HOW TO VALIDATE
Use l ibrar ies l ike pydant ic ,  Great  Expectat ions,  or  pandas
asser t ions.
Run val idat ion ear ly  so errors don’t  s i lent ly  break your  model
later.



WHY EDA?

4/ EXPLORATORY DATA
ANALYTICS

𝗨𝗡𝗗𝗘𝗥𝗦𝗧𝗔𝗡𝗗  •  𝗦𝗣𝗢𝗧  𝗣𝗥𝗢𝗕𝗟𝗘𝗠𝗦  •  𝗙𝗢𝗥𝗠  𝗛𝗬𝗣𝗢𝗧𝗛𝗘𝗦𝗘𝗦

EDA isn’ t  just  “ looking at  data.”
I t ’s  how you:

Understand distr ibut ions and
relat ionships
Spot  missing values and
out l iers
Catch broken logic  in  your
dataset
Shape the path for  model ing

UNIVARIATE

BIVARIATE

MULTIVARIATE

TIME SERIES

Why? EDA helps you understand your  data ,  spot  issues ear ly ,  and
decide what  to  do next .

→  Understand distr ibut ions and re lat ionships

→  Scatter  p lots  to  spot  re lat ionships

→  Corre lat ion heatmaps for  var iable  interact ions

→  L ine p lots  to  detect  t rends and seasonal i ty

Star t  s imple,  then go deeper  as patterns emerge.

TYPES OF EDA



4/ EXPLORATORY DATA
ANALYTICS

Why? A structured f low makes your  EDA faster ,  repeatable ,  and
easier  to  debug.

STRUCTURED EDA IN PRACTICE
3 steps to  make your  EDA faster ,  c leaner ,  and actual ly
useful

Understand your  data before d iv ing in  (before your  f i rst  p lot) .
Rows & columns:  Do you have 10K rows or  10M? I t  changes
everything.
Data types:  Expl ic i t ly  ver i fy  int ,  f loat ,  object ,  bool ,  datet ime.
Missingness & Dupl icates:  What % is  missing? Are dupl icates
val id?
Target  var iable  distr ibut ion:  Look for  imbalance ear ly.

1/ Dataset  Overview

2/ Feature Deep-Dive

Now zoom in.  Focus on distr ibut ions and t ransformat ions.
Numerical :  Outl iers?  Skewed? Is  normal izat ion needed?
Categorical :  Too many levels?  Are rare  c lasses meaningful  or
noise?
Zero-heavy f ie lds:  Are they real  zeros ,  or  just  unused? (e .g.
income = 0)
Leakage r isk:  Any feature too good to be t rue?
Correlat ions:  Find redundancies before model ing.

3/ Qual i ty  Traps & Broken Logic

EDA is  debugging for  your  data ,  not  just  descr ib ing i t .
Inconsistent  records:  Conf l ict ing info across rows?
Inval id  categor ies:  Typos,  inconsistent  casing ,  mixed encodings.
L inked nul ls :  Are two features a lways missing together?
Suspic ious values:  Negat ive ages? Future t imestamps? 

In  churn predict ion ,  EDA might  reveal  patterns l ike  how “ last  login”  or
“suppor t  t ickets  opened”  vary  between reta ined vs  churned users



5/ FEATURE ENGINEERING

Why? Smart  features make patterns easier  to  learn and often have
the b iggest  impact  on model  performance.

Transform raw data into s ignals  your  model  can learn from

Handle missing values
Encode categor icals
Normal ize numeric  features

TYPICAL STEPS

Avoid Data Leakage
Only  use info avai lable
at  predict ion t ime.
No future payments ,  no
labels ,  no outcomes.

Create new features f rom domain logic
Aggregate or  t ransform t ime-based features
Drop redundant  or  leaking features

Numerical  Features
 →  Normal ize values
 →  B in  into ranges (e .g. ,  low/med/high usage)
 →  Create rat ios or  d i f ferences between columns

Categorical  Features
 →  Encode with  one-hot  or  label  encoding
 →  Group rare  categor ies
 →  Map to r isk  levels  i f  appl icable

Date Features
 →  Extract  durat ions (e .g. ,  account  age)
 →  Calculate  t ime s ince events
 →  F lag recent  act iv i ty

Text  Features
 →  Count  keyword ment ions
 →  Detect  sent iment  or  intent
 →  Encode using embeddings or  TF- IDF

Interact ion Features
 →  Combine f ie lds to  reveal  patterns
 →  Mult ip ly  re lated columns (e.g. ,  usage ×  cost)
 →  Use domain logic  to  create new var iables

FEATURE ENGINEERING



6/ MODEL TRAINING

Why? Train ing helps your  model  learn patterns ,  t racking helps you
learn which patterns worked best .

Model  t ra in ing means teaching your  a lgor i thm to general ize  f rom
past  data to  unseen data.

How i t  works:
Spl i t  data into t ra in ing + test  sets
Fi t  scalers  on t ra in ing data only
Train  a  basel ine model  (e .g. ,  logist ic  regression)
Try  new archi tectures or  hyperparams
Log resul ts  to  t rack what  works
Evaluate and vers ion your  best  model

Example (Churn) :
You might  star t  wi th  logist ic  regression ,  then t ry  XGBoost  or
L ightGBM as i terat ions.  Track every  resul t  in  your  exper iment
t racker  (e .g . ,  MLf low)



7/ EVALUATION

Why? Evaluat ion reveals  how your  model  performs,  and where i t
breaks.

MEASURE WHAT MATTERS

Evaluat ion te l ls  you how wel l  your  model  per forms
and whether  i t ’s  ready for  product ion.

What to  evaluate:
Accuracy or  F1 →  for  c lassif icat ion ( l ike
churn predict ion)
MAE /  RMSE →  for  regression
AUC →  when c lass imbalance matters
Confusion matr ix  →  for  error  analysis
Cal ibrat ion →  i f  probabi l i t ies  are  used in
decis ions

Tips
Always compare on the same test  set
Track metr ics across a l l  exper iments
Use plots  (ROC,  PR curve ,  res iduals)  to  d ig  deeper
Go beyond averages:  inspect  where your  model  fa i ls

Example (Churn) :
Your  model  might  have 85% accuracy,  but  most  of  that
comes f rom predict ing "no churn" .  F1 ,  F2 and confusion
matr ix  wi l l  g ive  a  c learer  p icture.

What to  log:
Metr ics
Test  dataset  vers ion
Model  vers ion
Dataset  Hash
Hyperparameters used



7/ MODEL REGISTRY &
EXPERIMENT TRACKING

Why? Evaluat ion reveals  how your  model  performs,  and where i t
breaks.

helps you avoid “notebook chaos”  and
compare what ’s  actual ly  working.  A model
registry  makes your  deployment  t raceable
and vers ioned,  l ike  Git  for  models.

TRACKING EXPERIMENTS

Parameters (e .g. ,  learning rate ,  max_depth)
Metr ics (e .g. ,  F1 ,  ROC-AUC)
Ar t i facts  (e .g. ,  t ra ined model  f i les ,  p lots)
Code vers ion & dataset  snapshot

WHAT TO TRACK:

Use MLflow  to  log t ra in ing runs with
mlf low. log_params()  and mlf low. log_metr ics()
Register  the best -performing model  in  the Model
Registry
Deploy only  models  that  passed evaluat ion + rev iew

HOW TO USE IT:

Tip:  Tag each model  wi th  metadata l ike
product ion_ready=True ,  so i t ’s  c lear  what ’s  deployable .



8/ MODULARIZE LOGIC

Why? Modular  p ipel ines make your  ML system easier  to  scale ,  test ,
and mainta in .

Tangled pipel ines break fast .  

Structure your  pipel ine into 3
core modules (FTI-Architecture)

Inference Pipel ine
Serves predict ions in  product ion envi ronments.
Feature Retr ieval :  Pul l  latest  features or  recompute
Serv ing:  Wrap model  with  APIs ,  format  outputs

→  Output :  Scored resul ts ,  downstream integrat ions

Feature Pipel ine
Prepares reusable  features for  both t ra in ing and inference.
Ingest ion:  Handle  raw source data & schemas
Preprocessing:  Clean,  normal ize ,  encode
Feature Engineer ing:  Transformat ions spl i t  by  data type or  domain

→  Output :  Logged to a  feature store (opt ional)

Training Pipel ine
Focuses on model  development ,  reproducibi l i ty,  and evaluat ion.
Train ing:  Model  select ion ,  hyperparams,  conf ig  mgmt
Evaluat ion:  Metr ics ,  d iagnost ics ,  dr i f t  checks

→  Output :  Saved model  & metadata



9/ MODULARIZE LOGIC

Why? Modular  code lets  you reuse parts ,  test  in  isolat ion ,  and
swap logic  wi thout  breaking the whole.

Core Logic

Model  +  t ra in ing setup
Serv ice- t ime behavior

Run eval  p ipel ine
Custom scor ing logic
Model  d iagnost ics

Store and load features

Run model  inference

Raw data setup

Encode categor icals

Run model  t ra in ing

Shared conf ig  defaul ts

Serve model  v ia  API
Tidy outputs for  users

Pul l  and load source data

Scale  numeric  features

Fix  raw data issues

Bui ld  models  f rom conf ig
Tr igger  +  manage t ra in ing

Set  hyperparameters & opt ions

Centra l  logging logic
Read/wri te  data and models

*separate notebooks for
each processing step and
exper iment

Keep IO,  logic ,  and
config separate.  Treat
each stage of  the
architecture as a
replaceable unit ,  not  a
one-off  scr ipt .



10/ STARTER WORKFLOWS
BUILD REAL SKILL

Why? Pushes learners  to  st ructure  and parameter ize  logic  — a  b ig
ski l l  jump.

TRY THESE MINI WORKFOWS:

1.Notebook →
Scripted Pipel ine

3.  FastAPI  Wrapper
(Single Fi le)

2.  Train →  Save →
Predict

4.  GitHub + CI  Test

5.  CLI  For  Feature
Engineer ing

Why? These workf lows
tra in  you to  move beyond
notebooks and th ink l ike  a
system bui lder

Star t  with  a  notebook →
extract  code into
preprocess.py,  t ra in .py,
predict .py  →  run with
main.py or  CLI
Mental  br idge f rom one-off
notebook to  repeatable
projects

Train  model  →  save with
jobl ib .dump()  →  load later
with  jobl ib . load()  in  new
scr ipt

Introduces ser ia l izat ion and
persistance,  a  must -know
before deployment

Load a model  in  FastAPI  →
def ine /predict  endpoint  →
accept  JSON →  return
predict ions

Shows how a model
becomes a real  serv ice

Push to Gi tHub →  G i tHub
Act ions runs test :  e .g .
“python predict .py  works”

Easy intro  to  CI/CD;  teaches
that  your  code should
always be runable

Wrap preprocessing into CLI
scr ipt :

“python bui ld_features.py
- - input  raw.csv - -output
features.csv”

Promotes modular i ty  and
real -wor ld  th inking (users ,
parameters ,  f i le  paths) .



10/ FASTAPI ENDPOINT

Why? FastAPI  makes i t  easy and fast  to  turn  your  ML model  into  a
web API  that  others  can cal l  for  predict ions.

FastAPI  acts  as the serving layer ,  i t  turns our  ML
model  into an API  that  can receive data  and return
predict ions.
I t ’s  necessary  because without  i t ,  the model  would
just  s i t  in  Python f i les ,  and no external  app,  scr ipt ,
or  user  could interact  with  i t .

imports  the FastAPI
framework.

creates the web app
object .

sets  up a  GET
endpoint  at  the root
URL (/) .

sets  up a  POST
endpoint  at  /predict .



11/ CONTAINERIZE (DOCKER)

Docker  lets  us package the whole project  (code,
dependencies ,  envi ronment)  into one container  so
i t  runs the same everywhere.  The goal  is  for  the
project  to  run on any machine ,  not  just  yours.

Why? Docker  makes ML projects  portable  and reproducib le  by  packaging code,
dependencies ,  and models  into  one container  that  runs anywhere.

create ‘dockerf i le ’  in  your  repo

To start  the container:
*  churn-api  is  the name of  the
container  to  start



12/ CI/CD - GITHUB ACTIONS

A CI/CD pipel ine automates test ing,  bui ld ing,  and deployment  so
code changes are checked and del ivered quickly  without  manual
steps.
GitHub Act ions  lets  you set  up th is  p ipel ine d i rect ly  in  your  repo,
running workf lows ( l ike  tests  or  deployments)  whenever  you push
code.  Add th is ,  when your  model  is  stable  and you are deploying
regular ly .

Why?
I t  le ts  you automat ical ly  bui ld  and publ ish your  container  to  Docker  Hub
so anyone (or  any server)  can pul l  and run the latest  vers ion of  your  ML
app easi ly .

Only  t r igger  on main
branch pushes

modern Docker
bui lder  that  supports
mult i -p latform bui lds

Set  API  token
username &
password on Docker
Hub.
Save those secrets
in  Gi tHub →  Secrets
& var iables

in  your  project  create 
→  .g i thub/workf lows/ci .yml

Bui ld  & push docker
image to docker  hub



13/ DEPLOY

After  t ra in ing ,  your  model  is  just  a  f i le .  Deployment
turns i t  into a  real  product  that  del ivers  value.

Monitor ing ensures i t  keeps del iver ing value.

Why? Deployment  isn ' t  just  “putt ing a  model  onl ine” ,  i t 's  making i t
stable ,  fast ,  and easy to  use for  others.

Use FastAPI  to  serve predict ions v ia  a  REST API
Use .env f i les  to  separate dev/prod conf igs
Docker  Compose to run app + model  together
MLf low to vers ion and t rack deployed models
Run dummy requests post -deploy to  catch s i lent
fa i lures

Return predict ions as JSON,  CSV,  or  database
updates depending on consumer

WHERE TO HOST?

Run on Vercel ,  Render,
Rai lway,  Hugging Face
Spaces or  a  basic  VM 
→  keep i t  s imple ear ly  on

wrapped in  docker  container,
ready to  be hosted



Data Dr i f t :  Input  d istr ibut ions change over
t ime.  Log stats  l ike  mean/std for  key features
Predict ion qual i ty :  Track metr ics (e .g.
accuracy ,  F1)  and output  d istr ibut ion
Service health:  Upt ime,  latency ,  errors
Observabi l i ty :  Use logging tools  and set  up
alerts  (e .g. ,  wi th  Prometheus + Grafana)
Traceabi l i ty :  Store requests/responses for
debugging and include inputs ,  model  vers ion
and t imestamps

14/ MONITOR

Why? Monitor ing helps you f ix  s i lent ly  fa i l ing systems before  users
not ice.



Why retrain?
 →  Model  qual i ty  drops over  t ime (new users ,  new patterns ,
outdated logic)

What can tr igger  i t?
 →  Data dr i f t ,  accuracy drop,  new data ,  schema changes

How to automate i t :
 →  Cron job ,  Gi tHub Act ions ,  or  an Air f low DAG

What happens dur ing retraining?
 →  Pul l  f resh data →  rerun p ipel ine →  t ra in  →  evaluate →
register  new model

15/ RETRAINING LOOP

Why? ML systems degrade over  t ime,  a  ret ra in ing loop keeps them
relevant  and accurate.



Most ML mistakes are smal l ,  but  cost ly.

They often h ide in  setup,  not  in  the model ing i tsel f .

Data Leakage:  
You used future data in  t ra in ing without  real iz ing i t .

No Model  Versioning 
You deployed a model ,  but  no one knows which one.

Only Trained on Training Data
No test  set ,  no general izat ion.

Manual  Retraining
You reran the notebook and s i lent ly  broke something.

Si lent  Fai lures
The API  returns resul ts ,  but  they ’ re  wrong,  and no one
knows.

Drif t  Ignored
Your  input  data changed months ago,  but  your  model
didn ’ t .

No Monitor ing
Something goes wrong,  but  there are  no a lerts .

Too Many Experiments,  No Tracking
You t r ied 20 th ings ,  but  forgot  which one worked best .

16/ COMMON MISTAKES

Why? Tiny mistakes in  setup often break even great  models  later .



WHICH STAGE YOU
FOUND THE MOST
INTERESTING?
COMMENT BELOW



F O L L O W  ANAS  A N D  MARKUS
F O R  M O R E  C O N T E N T  O N  D A T A
S C I E N C E ,  A N D  M L
E N G I N E E R I N G .


