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M o t i vat i o n

A plant manager has £100,000

and four good options.

IoT-enabled SPC. MES. Machine-learning AOI. A digital twin.

Every vendor promises a return. Every case study is a success 
story.

The literature says

Industry 4.0 and Lean reinforce each other — nineteen sources

agree.

The literature does not say

Which one to buy first, on this line, with this budget.

Buy the wrong thing first and you don't get a smaller return. You very often get none at all.

The problem 2



I n d u s t r i a l  c o n t e x t

Fleet-scale stakes
India's share of global iPhone output and Tata Electronics' share 
of India's exports

Tata share of India exports

≈37–40%
from 13% in 2024

India share of global output

25%
≈55 m units in 2025, +53% year on year

Tens to hundreds of SMT lines per campus, across two countries, renewed with every new product introduction. The sequencing decision is made

hundreds of times a year.

MeitY (2025); Bloomberg (2026); Free Press Journal (2026) 3



T h e  s y s t e m  u n d e r  s t u d y

Fourteen stations. Three inspection gates.

Two parallel sub-lines converge where the sub-boards are joined. Solder defects — bridges, insufficient paste, cold joints, voids — dominate the defect

Pareto, which is why the inspection-intensive steps carry disproportionate weight and why inspection technology sits at the centre of this project.

iPhone main-logic-board surface-mount assembly · IPC (2022) 4



L i t e r at u r e  r e v i e w

A protocol fixed before searching

26
at full text

19
retained

16
peer-reviewed

The gap, stated precisely

The literature establishes that Lean and I4.0 reinforce one another, and 

which technologies help which KPIs. It does not establish in what order a

capital-constrained line should adopt them — conditional on the maturity that

line has actually reached.

PRISMA-informed review · Page et al. (2021) 5



R e s e a r c h  q u e s t i o n

In what order should IoT-SPC, MES, ML-AOI and a digital twin be

introduced on a high-volume smartphone SMT line — given its Lean

maturity and its readiness — to get the most return per pound?

SQ1 · Maturity

What minimum Lean maturity does each

technology need before it can pay off?

SQ2 · Readiness

Which organisational, technical or financial

factors are the binding bottlenecks?

SQ3 · Robustness

How sensitive is the order to capital cost

and to assumed KPI improvement?

Five locked objectives, O1–O5, each with its verification evidence fixed in advance.

Aim and 
objectives

6



M e t h o d o l o g y

Design science, pre-registered

Build an artefact, then evaluate it against criteria fixed before the evaluation runs.

1

Foundation
PRISMA-informed review; KPI

baselines; the gap evidenced.

2

Framework
Maturity rubric, readiness rubric,

technology-to-KPI mapping.

Supervisor gate.

3

Tool
Rule engine and ROI model, verified

against five hand-calculated profiles.

4

Validation
Blind case run, sensitivity analysis,

three independent cross-checks.

Verification before construction

Five synthetic profiles were hand-derived from the rule set before any code

was written. The engine was accepted only by matching an answer fixed in

advance.

Acceptance criteria pre-registered

Case-admissibility rules, agreement metrics and sensitivity ranges were

published before execution — which forecloses post-hoc tuning.

Hevner et al. (2004); Peffers et al. (2007); Venable, Pries-Heje & Baskerville (2016) 7



T h e  c o n t r i b u t i o n

The Digital–Lean Synergy Model

Gate

Maturity decides what is eligible

Modulate

Readiness decides when — deploy, stage or

defer

Three stacked filters — not three criteria averaged into a score

Rank

Return per pound of capital decides the order

8



A n s w e r i n g  S Q 1

Maturity is a gate, not a modifier

Technology

IoT-enabled

SPC

MES

Minimum level

L2 Managed

Why

Needs a stable, charted process to

control

Needs standard work to execute against

Needs an adjudicated defect dataset to

learn from

Needs trustworthy process data to mirror

Expected utility by maturity state — solved influence diagram
L2 Managed

Read the middle row
ML-based AOI L3 Defined

IoT-SPC returns £70,585 at every level. ML-AOI returns −
£140,000 at L1 and L2 — the full capital, stranded — and only

Digital twin L3 Defined turns positive at L3.

Below its gate a technology delivers no benefit, not a smaller one. Rule R1: at L1 Reactive, nothing is eligible.

Four-level rubric · six operationally defined indicators · GeNIe Academic 9



A n s w e r i n g  S Q 2

Readiness sets the timing

Defer

min = 1 or mean < 2.5

Stage

remediate first

Deploy

min ≥ 3, mean ≥ 3.5

Fifteen evidenced indicators · a score above 1 requires a documentary reference

The bottleneck, made visible

Composite readiness 3.00 looks like a green light. But Technical limits at 2 —

so the rule returns STAGE and names the remediation before capital is

released. Not "yes". Not "no". "Fix this first."

10



T h e  a rt e fa c t

From a described framework to an inspectable one

Python engine · Excel ledger · Streamlit interface · MATLAB analytics · GeNIe model. The deployed instance imports
the same engine module as every reported result — so any divergence between the report and the live tool would be dlsm-dashboard…streamlit.app

immediately visible.

Engine verified 5/5 against hand calculation · Excel ledger agrees exactly 11



I m p l e m e n tat i o n  &  c r o s s - va l i d at i o n

Digital–Lean Synergy Decision-Support Tool
Three coordinated layers, one shared logic — checked by three independent methods

Three coordinated layers ·  one shared logic

Layer 2 · Interaction
Layer 1 · Computation engine

Live dashboard + ledger
tool.pyPy

Streamlit
A single verified Python module — benchmark dataset,

ROI functions, sequencing rule set, decision-tree

recommendation and Monte-Carlo sensitivity.

St
Local and deployed web app · £0

ExcelX
Formula-auditable ROI ledgerBenchmark dataset ROI functions Rule set

Decision tree Monte-Carlo Evaluated and set aside (translation risk): KNIME · Orange

Verification-first. Five synthetic line profiles were hand-derived from the rule set before coding — 100% action agreement (Table 25). The one divergence, Synthetic-B, resolved in the

tool's favour and the hand note was corrected. Python engine ≡ Excel ledger, exactly.

Independent cross-validation →  reported in §4 .6

MCDA rankingMC
pymcdm · Super Decisions

Entropy weights → TOPSIS, VIKOR, PROMETHEE II (Saaty,

2008; Hwang and Yoon, 1981).

All three methods → IoT-SPC ≻ ML-AOI ≻ MES ≻ digital

twin

→

Layer 3  ·  Analysis & visualisation

MATLABM

Documented, reproducible .m scripts (campus licence)

regenerate every chart in Chapter 4 at publication

resolution.

Payback / NPV Monte-Carlo Tornado

Readiness radar

→

Influence diagramID
GeNIe Academic

Decision and utility under maturity uncertainty; premature

deployment priced as stranded capital (Howard and

Matheson, 2005).

Max expected utility = IoT-SPC (£70,585 at every maturity

level)

Discrete-event simulationDE
SimPy · 30 replications

SMT front-end line; independent KPI evidence under a pre-

registered V&V protocol (Banks et al., 2010).

+IoT-SPC: FPY +1.43 pts (95% CI ±0.10) · escapes −31% ·

with ML-AOI −76%

Convergent recommendation ·  verif ied inputs only

IoT-SPC  ≻  ML-AOI  ≻  MES  ≻  Digital twin

Four independent methods, four different logics — one sequence 11a



R e s u lt s

The recommended sequence

Payback (months) and five-year NPV at 10% discount

Base priors · rule R6 ranks on return per unit of capital

# Technology

1 IoT-SPC

2 ML-AOI

3 MES

4 Digital twin

Payback

26.7 mo

30.0 mo

42.9 mo

52.2 mo

5-yr NPV

£70,585

£72,284

£12,284

−£17,937

NPV / £

0.71

0.52

0.06

−0.06

ML-AOI has the higher absolute NPV. IoT-SPC still ranks first — it

takes far less capital to get there, and it is eligible at every

maturity level.

12



A n s w e r i n g  S Q 3

The ranking survives the wobble

1,000 draws · capex ±30% · KPI uplift ±20% · discount 8–12% One-at-a-time screen for IoT-enabled SPC

Stability

IoT-SPC stays fastest and the digital twin slowest across the whole sampled

space. The framework outputs a sequence, and the sequence is what

survives.

Which number to argue about

Benefit fraction and capex dominate; the discount rate barely registers. So

challenge the benefit fraction first in a capital review.

Saltelli et al. (2008) 13



C r o s s - va l i d at i o n

Four methods, four logics, one answer
Rule engine Entropy-weighted MCDA Influence diagram Discrete-event simulation

TOPSIS · VIKOR · PROMETHEE II —

weights derived from the data

Expected utility, maturity treated as

uncertain

30 seeded replications of the SMT front

endRanks by NPV per pound of capital

IoT-SPC ≻ ML-AOI ≻ MES ≻ digital twin — reproduced independently by all four.

Convergence across independent methodological bases 14



C r i t i c a l  e va l u at i o n

What the evidence does — and does not — support
Established

Engine verified 5/5. Ledger agrees exactly.

Ranking stable across 1,000 draws. Four

independent methods converge.

Corroborated, once

Four published cases screened against pre-

registered criteria — one admissible. The

blind run confirmed the gate and exposed a

rule defect, since corrected.

Not established

Field performance. Inter-rater reliability of the

rubrics — protocol pre-registered, deferred

pending ethical approval rather than rushed.

The result I'm most glad I kept

A single seeded run showed zero escaped defects under S2. Thirty replications

showed that was one lucky draw — the real figure is a 75.9% reduction, not

elimination. I report both. The discrepancy is evidence the V&V protocol worked: it

caught an overclaim before it reached the discussion.

Four methods agreeing is a statement about coherence — and coherence is compatible

with being consistently wrong. This is corroboration, not validation.

Threats to validity, severity and mitigation are tabulated in full 15



C o n t r i b u t i o n

What is new here

Sequencing, not

selection
The literature ranks technologies

by benefit. This framework ranks

them by order of adoption,

conditional on the maturity a line

has actually reached.

A gate, not a

weighting
Maturity is a hard eligibility

condition. Below the gate the

benefit is not discounted — it is

absent, and the capital is

stranded.

Design-science contribution positioned per Gregor & Hevner (2013)

An instruction, not a

verdict
The output names the limiting

dimension and the remediation

required, so a "not yet" arrives

with the reason and the fix

attached.

An artefact you can

run
Deployed, browser-reachable,

importing the verified engine. The

framework is inspectable rather

than merely described.

16



F u t u r e  w o r k

What I would do next, in order
FW1 · first

Run the reliability study
Three raters, eight vignettes.

Designed, pre-registered, script

written — it needs approval and

raters, nothing more.

FW2

Replace priors with pilot

data
The benefit fraction is the

parameter the sensitivity analysis

says matters most. One

instrumented line would settle it.

FW3

Widen the case base
One admissible case cannot carry

external validity. Industry access

would allow a genuine multiple-

case design.

Each direction is tied to a specific limitation, with the method that would address it named.

Five developed directions, ordered by leverage on the stated limitations

FW4 · FW5

Extend and generalise
Multi-line capital allocation across

a campus; and test whether the

gate logic transfers beyond SMT.

17



C o n c l u s i o n

Stabilise, then sense, then automate.

For a line at or above L2 Managed, with defect PPM as its weakest KPI and a constrained budget:

→ → →1 · IoT-enabled SPC 2 · ML-based AOI 3 · MES 4 · Digital twin

Robust to the choice of appraisal metric, to the aggregation rule, to uncertainty about 
maturity, and to a thousand-draw Monte Carlo.

Tested against one real deployment — which corroborated the gate and found a defect. That 
qualification travels with the answer.

Bindushree Sanjeev Murthy · 259045211 18
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Thank you
Questions

Live tool · dlsm-dashboard…streamlit.app Code & data · GitHub repository
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