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ACROSS MARKETS AND BORDERS CHAPTER 5
Abstract

Business analytics becomes decision intelligence only when evidence is translated into choices that are explicit about objectives,
alternatives, constraints, uncertainty, trade-offs and responsibility. Building on Chapter 4, this chapter integrates decision analysis,
bounded rationality, multi-criteria methods, predictive modeling, classification, clustering, causal treatment targeting, forecasting,
optimization, simulation, stress testing, business intelligence, model lifecycle governance and artificial intelligence. It shows why
predictive accuracy is not causal understanding, why thresholds distribute error, why optimization cannot determine what ought to be
optimized, and why deployed models require monitoring, challenge and retirement rules. African applications include Kenya's M-
Shwari digital-credit ecosystem and resource-constrained trade and logistics decisions; Zillow Offers provides a comparative case on
forecast error, regime change and scaling. A Christian moral framework treats analytical capability as stewardship: persons remain
accountable for truthfulness, fairness, foreseeable harm, human dignity and the moral limits placed on otherwise profitable
optimization.

Keywords: business analytics; decision intelligence; decision analysis; predictive analytics; machine learning; optimization; simulation;
risk; business intelligence; artificial intelligence

Learning Outcomes

By the end of this chapter, the reader should be able to:

1. Frame a managerial decision by distinguishing the decision statement, objectives, alternatives, constraints, decision criteria,
stakeholders, evidence requirements, time horizon and decision rights.

2. Apply decision matrices, decision trees and multi-criteria decision analysis to transparent trade-offs, while testing how assumptions
and weights affect the preferred option.

3. Explain bounded rationality, prospect theory, heuristics and major cognitive biases, and design debiasing processes without
assuming that every heuristic is irrational.

4. Distinguish explanatory, causal and predictive modeling, and design an appropriate train-validation-test workflow that controls
overfitting, leakage and distribution shift.

5. Build and evaluate classification decisions using confusion matrices, accuracy, precision, recall, specificity, F1 score, calibration and
decision-sensitive thresholds, and distinguish outcome prediction from treatment-effect targeting.

6. Explain clustering and business segmentation, including the role of distance, scaling, stability, actionability and the limits of
unsupervised patterns.

7. Use forecasting, scenarios and sensitivity analysis for managerial planning without confusing a conditional forecast with a certain
future or a scenario with a probability claim.

8. Formulate elementary optimization problems, interpret objective functions and constraints, solve a small linear-programming
problem, and explain the meaning and limitations of shadow prices.

9. Design Monte Carlo or other simulation logic for uncertain systems, interpret percentile outcomes and identify model, parameter and
correlation risk.

10. Distinguish risk, uncertainty and ambiguity; apply stress testing, reverse stress testing, robustness and value-of-information
reasoning to consequential choices.

11. Design a business-intelligence architecture that links trusted data, metrics, dashboards, alerts, decisions, monitoring and
organizational learning rather than treating dashboards as ends in themselves.

12. Evaluate Al-supported decisions through performance, explainability, fairness, privacy, security, human oversight, contestability,
lifecycle documentation, independent challenge and applicable governance frameworks.

13. Apply Christian moral reasoning and serious alternative ethical perspectives to analytics choices involving optimization,
classification, surveillance, automated exclusion, model opacity and responsibility for foreseeable consequences.

14. Communicate and defend an analytically supported recommendation with explicit assumptions, uncertainty, ethical guardrails,
implementation triggers, model-monitoring responsibilities, decommissioning conditions and a post-decision learning plan.
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Concept Map and Chapter Roadmap

DECISION INTELLIGENCE AS A CLOSED-LOOP SYSTEM

FRAME EVIDENCE MODEL OPTIONS
decision | ﬁta | | predict | trae%e-offs
objegtives assumptions simulate sSC rios
constraints I uncertainty optimize | thresholds

ETHICS + GOVERNANCE + HUMAN ACCOUNTABILITY
LEARN DE(QIDE
review judgtent

truth | dignity | fairness | privacy | responsibility

MONITOR EXECUTE

outcomes guardrails
update accountability
redesign choice

dri owners
complaints escalation

Figure 5.1. Decision intelligence as a closed-loop system from framing to learning.
Source: Author's synthesis, integrating decision analysis, predictive analytics, operations research and organizational learning.

The chapter follows the logic of a consequential decision rather than the menus of software packages. Sections 5.1-5.4 establish what
decision intelligence is, how it differs from statistical evidence, and how a decision should be framed before models are selected.
Sections 5.5-5.7 develop structured choice through multi-criteria analysis, decision trees, value of information and behavioral judgment.
Sections 5.8-5.11 move into prediction, classification, clustering, forecasting and scenario analysis. Sections 5.12-5.14 develop
optimization, simulation and risk under uncertainty. Sections 5.15-5.17 connect models to business-intelligence systems, cross-
functional practice and Al governance. Sections 5.18-5.19 examine African and global cases. The final sections integrate faith and moral
reasoning, provide a professional decision protocol, identify recurrent errors, and hand the reader to Chapter 6, where analytical
competence meets character, leadership, teams and organizational behavior.

The chapter deliberately owns decision architecture and advanced business analytics. Chapter 4 already taught data quality,
statistical inference, classical regression and introductory forecasting. Chapter 5 uses those foundations but does not reteach them.
General corporate strategy remains in Chapter 12; marketing strategy in Chapter 10; operations and supply-chain design in Chapter 11;
human-resource systems in Chapter 7; finance and investment valuation in Chapters 17 and 18; and technology strategy in Chapter 20.
Examples from those domains are used here only to illuminate analytical decisions.

Opening Case: M-Shwari, Digital Credit and the Difference Between a Score and a Decision

Kenya's digital-finance ecosystem offers a powerful example of what happens when prediction becomes action at scale. M-Shwari,
launched in 2012 through a partnership between the Commercial Bank of Africa, now part of NCBA, and Safaricom, linked savings and
short-term credit to the M-PESA mobile-money ecosystem. The service substantially lowered some of the transaction costs that make
very small loans expensive to originate through conventional channels. Research using M-Shwari administrative and survey data found
that 34% of customers who were eligible for a loan took one, and that access to the digital loans made households 6.3 percentage points
less likely to forgo expenses after negative shocks (Suri et al.,, 2021). Those findings are important evidence of potential welfare value.
They do not, however, make every possible digital-lending decision prudent or just.

The analytical architecture is more complicated than the public-facing loan offer suggests. A lender must estimate the probability that a
customer will repay. It then has to decide what information may legitimately be used, how much uncertainty is acceptable, where to set
an approval threshold, what loan size and price are proportionate, how to treat thin-file customers, how to monitor repayment stress,
and how customers can correct errors. Safaricom reported in its FY2021 strategic review that big data and artificial intelligence were
being used in credit-scoring algorithms to support lending based on customers' ability to pay. It also reported an average M-Shwari loan
value of KSh 5,575 and M-Shwari revenue of KSh 2.2 billion in that year (Safaricom PLC, 2021). Company reporting establishes what the
company says it used and earned; it does not independently establish that each scoring variable, threshold or collection practice was
fair, causally valid or socially beneficial.

The wider Kenyan evidence illustrates both opportunity and constraint. The 2024 FinAccess Household Survey reported that formal
financial access rose from 83.7% in 2021 to 84.8% in 2024 and attributed much of the long-run expansion in access to financial
technology and innovation. Yet 9.9% of adults remained financially excluded, with lack of a mobile phone and identity documentation
among important barriers (Kenya National Bureau of Statistics [KNBS], 2024). A decision system trained mainly on digitally visible
behavior can therefore be strongest precisely where customers already have digital traces. It may be least certain for people whose
exclusion makes them data-poor. The absence of data is not evidence of unworthiness.

Kenya's regulatory response also shows why a business decision cannot be reduced to predictive performance. The Central Bank of
Kenya (Digital Credit Providers) Regulations, 2022 require licensed digital credit providers to maintain governance, risk, data-
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protection, consumer-redress and market-conduct arrangements. The rules restrict abusive debt-collection practices, require fair and
transparent customer information, and state that providers should collect only customer information reasonably required for credit
appraisal, approval, disbursement and collection (Central Bank of Kenya, 2022). The legal scope is specific and does not capture every
form of digital credit under the same licensing category, but the principle is instructive: the ability to collect a variable does not itself
create a legitimate reason to use it.

A credit score is therefore one input into a decision architecture. Suppose two models have the same overall accuracy. Model A denies
fewer risky loans but falsely rejects more reliable borrowers. Model B approves more reliable borrowers but also approves more
borrowers who later default. Which model is better depends on the consequences attached to false approvals and false rejections, on
pricing and collections, on capital constraints, on whether errors are concentrated among particular groups, on customer recourse, and
on the lender's legitimate purpose. If an organization chooses a threshold that maximizes expected short-run profit while ignoring
severe hardship from aggressive collection, the mathematics may be correct and the decision still morally defective.

MANAGERIAL INSIGHT | A score is not a decision

A prediction estimates an outcome under defined data and assumptions. A decision chooses an action after considering objectives, costs of error,
constraints, rights, uncertainty, alternatives and responsibility. Never let a probability score silently determine a consequential action. Make the
decision rule, threshold, override conditions and accountability owner explicit.

The opening case gives this chapter its central question: How should managers combine models, evidence, risk, values and human
judgment to choose actions that remain defensible when the future is uncertain and analytical systems are imperfect?

5.1 Why Business Analytics and Decision Intelligence Matter

Chapter 4 established a disciplined chain from a quantitative question to statistical evidence. It showed how data provenance, cleaning,
descriptive analysis, probability, inference, regression and introductory forecasting help a professional estimate what has happened,
how variables are associated and how uncertain those estimates are. Chapter 5 begins where statistical evidence stops. A confidence
interval does not decide whether to enter a market. A regression coefficient does not decide whether to approve credit. A forecast does
not decide how much inventory to buy. A p-value does not decide whether the expected benefit justifies the human or financial cost of
acting. Decisions require objectives, alternatives, constraints and responsibility in addition to evidence.

Business analytics is the disciplined use of data, models and computational methods to improve understanding and decision-making in
organizations. The term is broad enough to include descriptive, diagnostic, predictive and prescriptive work, but this chapter
concentrates on the point at which analysis changes action. Decision intelligence, as used here, is an integrative managerial practice
that connects evidence, models, explicit choice architecture, human judgment, governance, implementation and learning. It should not
be treated as a single settled academic theory. Its value is architectural: it forces the organization to ask how a model output will
become a decision, who is accountable, which consequences matter, and how the decision will later be reviewed.

A useful distinction is among four analytical questions. Descriptive analytics asks what happened? Diagnostic analytics asks what
patterns or mechanisms may explain what happened? Predictive analytics asks what is likely to happen under specified
conditions? Prescriptive analytics asks what action best advances stated objectives under constraints? The categories overlap. A
forecast can be both predictive and an input to optimization. A dashboard can describe and diagnose. A simulation can compare policy
alternatives. What matters is not the label but the inferential and decision task.

Table 5.1. Analytical layers from description to organizational learning.

Analytical layer Primary question Typical methods Characteristic output Principal danger

summaries, dashboards, mistaking a summary for an

Descriptive What happened? ; measured pattern ;
exploratory analysis explanation
. . P decomposition, association lausible drivers or converting association into
Diagnostic Why might it have happened? b . b ) ung
models, process analysis mechanisms causation

forecasting, classification, optimizing accuracy without

What is likely next or for this probability, score or forecast

Predictive regression extensions, machine e examining decision

case? : distribution

learning consequences
. . . o hiding contested objectives
Prescriptive VLR o el o e e ceslomene ]yt EriiPEE o, recommended action or polic insidegan a arentll neutral
p objectives and constraints? simulation, MCDA policy PP y
model
Did the decision work, for - . . . attributing outcomes to the
) monitoring, experimentation, updated beliefs, thresholds and ibuting ;
Learning whom, and under what LS . decision without a credible
L post-decision review processes )
conditions? comparison

Source/Note: Author's synthesis. Methods overlap across layers; the relevant distinction is the inferential and decision task.

The highest analytical sophistication can fail if the decision is badly framed. A bank can build an accurate default model but optimize the
wrong threshold. A retailer can forecast demand well but allocate stock against obsolete service-level assumptions. A government can
rank projects through a weighted score whose weights conceal rather than resolve political trade-offs. A chief executive can receive a
perfect dashboard and still make a poor decision because no alternative was seriously considered. Decision intelligence therefore treats
framing, modeling and governance as one connected system.

Contemporary Al increases the urgency. The Stanford Al Index 2026 reports that 88% of surveyed organizations used Al in at least one
business function in 2025, while responsible-Al governance roles also expanded and organizations reported continuing knowledge,
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budget and regulatory barriers to implementation (Stanford Institute for Human-Centered Artificial Intelligence [Stanford HAI], 2026).
These are survey-based organizational reports, not proof that Al use increased productivity in every setting. They do show that
algorithmic recommendations are moving deeper into ordinary business practice. As analytical systems become easier to deploy, the
comparative advantage shifts from merely having a model toward knowing when to trust it, when to challenge it, how to govern it and
how to preserve human accountability.

5.1.1 From model output to organizational action

Every consequential analytics application contains at least six layers. First is the phenomenon being observed: demand, default, fraud,
churn, delivery delay or employee turnover. Second is the data representation, which reduces that phenomenon to variables, labels
and records. Third is the model, which maps inputs to an estimate, score, class, forecast or optimized solution. Fourth is the decision
rule, such as approve if predicted default risk is below a threshold. Fifth is the operational process that executes the decision through
people and systems. Sixth is the outcome and feedback environment, where behavior may change because the decision exists.

Errors can arise at every layer. A model can be statistically accurate relative to a biased label. A decision rule can attach the wrong cost
to errors. A staff member can override the model inconsistently. Customers can change behavior after a rule becomes known. The
economic environment can shift. A metric can become a target and invite gaming. Good analytics governance therefore asks not only
whether the model works in validation data but whether the end-to-end decision system remains fit for purpose in use.

5.1.2 Prediction is not causation, and causation is not prescription

Chapter 4 distinguished correlation from causation. Chapter 5 adds a second boundary: even a valid causal estimate does not determine
the preferred action. Suppose a rigorous experiment shows that sending repayment reminders reduces late payments by five
percentage points. The result is causal under the study conditions. It still does not answer whether reminders should be sent at
midnight, whether repeated messages become harassment, whether customers should be able to opt out of non-essential notifications,
or whether another intervention could achieve the same benefit with less burden. Evidence reduces factual uncertainty; judgment
integrates facts with legitimate objectives and constraints.

Shmueli (2010) similarly distinguishes explanatory modeling from predictive modeling. A model built to estimate causal structure may
sacrifice predictive flexibility; a model built purely for out-of-sample accuracy may use variables that have little explanatory meaning.
Breiman (2001a) argued that algorithmic modeling can improve predictive performance by focusing on the mapping from inputs to
outputs rather than requiring a prespecified stochastic data model. Neither perspective licenses careless inference. The analyst should
state whether the model is intended to explain, predict, rank, classify or choose.

5.1.3 Decisions create distributions of consequences

Averages hide asymmetry. A policy that improves average profit can expose a small subgroup to catastrophic harm. A fraud model that
reduces total losses can block legitimate transactions concentrated in one region. A route optimization model can reduce fuel use while
imposing unsafe schedules on drivers. Decision quality therefore depends partly on the distribution of outcomes, not only the expected
aggregate result.

This is where analytics and ethics become inseparable without becoming identical. The empirical analyst can estimate who is likely to
gain or lose. Ethical reasoning asks which gains and losses are permissible, what duties are owed to affected persons, whether consent
or recourse is required, and whether some constraints should be treated as moral side-constraints rather than merely assigned a low
weight. Chapter 13 later develops business ethics and governance systematically. Chapter 5's narrower responsibility is to make sure
the analytical architecture does not erase those questions.

5.2 Intellectual Foundations of Managerial Decision-Making

Modern decision analytics draws from economics, psychology, statistics, operations research, computer science and organization
theory. These traditions disagree about how people decide and about what a good decision model should accomplish. The disagreement
is productive because no single theory captures every decision environment.

5.2.1 Rational choice and expected utility

Classical decision theory begins from alternatives, states of the world, consequences and preferences. Under conditions of risk, where
relevant outcomes can be assigned probabilities, expected utility theory represents a decision maker as evaluating the probability-
weighted utility of consequences. The concept was formalized in modern form by von Neumann and Morgenstern (1944) and extended
in subjective expected-utility frameworks such as Savage (1954).

A simplified expected-utility expression is:
EU(a) = sum over states s of P(s) x U(outcome of action a in state s)

The equation is not the same as expected monetary value. Utility can reflect risk aversion: an uncertain gain with an expected value of
US$100,000 need not be as desirable as a certain US$100,000. The framework's strength is consistency. It requires probabilities and
consequences to be made explicit, and it exposes when a preference reverses without a reason. Its limitation is descriptive realism. Real
managers rarely possess complete alternatives, stable probabilities and fully ordered preferences, and organizational choices involve
multiple persons whose utilities cannot simply be added without normative assumptions.

5.2.2 Bounded rationality and satisficing

Herbert Simon challenged the image of the omniscient optimizer. In his model of bounded rationality, decision makers operate with
limited information, time and computational capacity. They search selectively and often satisfice, choosing an alternative that meets an
aspiration level rather than proving that it is globally optimal (Simon, 1955). This is not merely a psychological defect. In complex
environments, exhaustive optimization can cost more than it is worth or be impossible because the option set itself is unknown.
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Bounded rationality changes analytics design. A useful decision system does not drown users in every available metric. It identifies the
few uncertainties that could change the decision, supports search for credible alternatives, and creates stopping rules. Sophisticated
models can expand cognitive capacity, but they can also create a new form of bounded rationality if users cannot understand model
limits and therefore defer mechanically to outputs.

5.2.3 Prospect theory and reference-dependent choice

Kahneman and Tversky's prospect theory explains several systematic departures from expected-utility predictions. People commonly
evaluate outcomes relative to a reference point, display greater sensitivity to losses than comparable gains, and weight probabilities in
nonlinear ways (Kahneman & Tversky, 1979). These patterns help explain why managers may hold failing projects too long to avoid
recognizing a loss, overpay to eliminate a vivid small risk, or reject an analytically favorable option because it is framed as a loss relative
to an arbitrary target.

Prospect theory is influential but should not become a universal post-hoc explanation for every surprising decision. Reference points
differ across contexts, experienced decision makers may learn, and organizational processes can counteract individual bias. The
professional use of behavioral research is not to label colleagues irrational after disagreement. It is to design processes that make
framing, baselines and loss asymmetries visible before commitment.

5.2.4 Heuristics: bias and ecological rationality

Tversky and Kahneman (1974) showed how heuristics such as availability, representativeness and anchoring can generate predictable
judgment errors. Yet heuristics can also be efficient strategies in environments where information is sparse, time is short and cue
structure is favorable. Gigerenzer and Gaissmaier (2011) emphasize ecological rationality: the quality of a heuristic depends on the
environment in which it is used. A fast rule that ignores information may outperform a complex model when the ignored variables are
noisy and conditions are stable.

The implication is balanced. Do not romanticize intuition, especially in high-stakes repeated decisions where models can be validated.
Do not assume that complexity is automatically superior. Compare human and algorithmic performance on the actual decision, under
the actual constraints, with appropriate feedback. Kleinberg et al. (2018), for example, demonstrate in a judicial setting that machine
predictions can reveal opportunities to improve consistency relative to human judgments, but such evidence does not imply that every
human judgment problem should be automated or that a prediction objective exhausts the legitimate purposes of a decision institution.

5.2.5 Algorithm aversion and algorithm appreciation

People do not respond uniformly to machine advice. Dietvorst et al. (2015) found that people can become reluctant to use an algorithm
after observing it make errors, even when it remains superior to human forecasting. Other research finds algorithm appreciation,
where people sometimes weight algorithmic advice more than advice from another person (Logg et al., 2019). The coexistence of
aversion and appreciation matters because organizations can fail in opposite directions. They can reject useful models after visible
mistakes, or they can over-trust automated outputs because numerical precision appears objective.

A robust decision process therefore evaluates the comparative performance of human, model and combined systems, not their prestige.
It should also distinguish an override from an unrecorded exception. If expert judgment can improve a model, the conditions for
override should be documented and later tested. If overrides consistently worsen outcomes, that too should be learned.

5.2.6 Decision analysis as disciplined transparency

Decision analysis does not eliminate judgment. It makes judgment inspectable. Howard Raiffa and later decision analysts developed
methods for structuring alternatives, uncertainties, preferences and value of information. Multiattribute approaches formalized trade-
offs where multiple objectives matter (Keeney & Raiffa, 1976). The central contribution is procedural: separate the factual model of the
world from the value model of what outcomes matter, then examine how robust the choice is to uncertainty in both.

Table 5.2. Major perspectives underpinning managerial decision intelligence.

Core insight What it contributes to Chapter 5 Important limitation

Expected utility

Bounded rationality

Prospect theory

Heuristics and biases

Ecological rationality

Decision analysis

Machine prediction

coherent choice under probabilistic
consequences

cognition, time and information are
limited

gains and losses are reference-
dependent

fast judgment can systematically err

simple rules can fit environments well

structure alternatives, uncertainty and
preferences explicitly

validated algorithms can exploit
complex patterns

explicit probabilities, utilities, risk
attitudes

satisficing, search, decision
simplification

framing, loss aversion, probability
weighting

debiasing, base rates, anchoring controls

match model complexity to environment

trees, MCDA, value of information,
sensitivity

scalable ranking, classification and
forecasting

Source/Note: Author's synthesis from the theories discussed in Section 5.2.

OPEN CHRISTIAN PRESS « 7

demanding assumptions about
preferences and known states

aspiration levels can entrench mediocre
options

not a universal model for all
organizational choice

can over-pathologize intuition if context
is ignored

requires evidence that environment is
stable enough

formal structure can create false
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predictive performance does not
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5.3 Framing the Decision Before Choosing the Model

Analytics projects often begin too late. A stakeholder asks for a dashboard, a churn model or an Al solution before the decision problem
has been defined. The resulting work can be technically elegant and managerially irrelevant. Decision framing reverses the sequence:
define the choice first, then identify what evidence and modeling are needed.

5.3.1 The decision statement

A strong decision statement names the decision owner, action, object, horizon and trigger. “Improve exports” is not a decision. “Should
the firm commit up to US$400,000 in the next quarter to establish refrigerated distribution through either Partner A, Partner B or a
direct route in northern Tanzania for the 2027 season?” is a decision. It has an owner, timing, resource boundary and alternatives that
can be investigated.

Decision statements should not embed the preferred answer. “Which Al platform should we buy?” assumes that buying an Al platform is
necessary. A better frame is “How should we reduce invoice-processing time and error within the approved control and privacy
requirements?” Automation then becomes one alternative among process redesign, staffing, outsourcing and system changes.

5.3.2 Objectives: ends before means

An objective describes an outcome the decision seeks to advance. Objectives should be separated into fundamental ends and means.
“Implement blockchain” is a means. “Reduce counterfeit traceability failures while maintaining affordability and supplier participation”
describes ends. Keeney and Raiffa's multiattribute tradition shows why this distinction matters: when means become objectives,
decision makers can optimize a fashionable solution rather than the underlying purpose.

Objectives often form a hierarchy. A cross-border warehouse decision might seek commercial viability, service reliability, compliance,
resilience and worker safety. Commercial viability can decompose into contribution margin, working capital and capital exposure.
Service reliability can include lead time and fill rate. The hierarchy helps avoid double-counting correlated criteria. It also reveals moral
constraints that should not be traded away merely because another criterion receives a high weight.

5.3.3 Alternatives: choice quality depends on option quality

A model cannot rescue a poor option set. Many organizations compare only “approve” versus “reject,” “build” versus “do nothing,” or the
vendor proposal already favored by a sponsor. Decision framing should create genuinely distinct alternatives, including staged,
reversible and hybrid options. A market-entry decision may include distributor entry, partnership, digital-only entry, pilot, delayed
entry or no entry. A capacity problem may include overtime, process redesign, outsourcing, equipment investment or demand
smoothing.

Generating alternatives before assigning scores reduces anchoring on the first feasible solution. It also improves ethical analysis
because lower-harm alternatives may exist. When an invasive monitoring system is proposed to detect employee fraud, for example, the
relevant question is not only whether the system predicts fraud. It is whether less intrusive controls can achieve sufficient protection.

5.3.4 Constraints and decision rights

A constraint is a condition that an acceptable alternative must satisfy. Some constraints are physical or financial, such as capacity or
budget. Others are legal, contractual, safety-related or moral. Constraints should be distinguished from preferences. “We prefer local
suppliers” is different from “the procurement is legally restricted to licensed suppliers” and different again from “we will not source
from a supplier using forced labor even if the price advantage is large.”

Decision rights specify who recommends, challenges, approves, executes and reviews. Analytics governance fails when a model owner
can change the decision threshold without risk approval, when business users cannot challenge a data-science output, or when
executives can override controls without recording a reason. A clear decision-rights map should identify the accountable human owner
even when the action is automated.

5.3.5 Criteria, measures and thresholds

A criterion operationalizes an objective so alternatives can be compared. Criteria need scale definitions, directionality and decision
thresholds. “Risk” is too broad. “Probability that supplier delivery delay exceeds five days during peak season” is measurable.
“Reputation” may require several observable indicators or qualitative judgment rather than a spurious numeric score.

Thresholds deserve special attention because they often convert probabilities into actions. A fraud probability above 0.80 might trigger
manual review; a liquidity buffer below a defined limit might block a distribution. Threshold selection should be linked to consequences,
capacity and risk tolerance, not copied from a default software setting.

5.3.6 Reversibility, cadence and option value

A reversible decision should be managed differently from an irreversible one. If a pilot can be stopped after three months at modest
cost, the organization may rationally act with less information and learn. If a decision commits scarce capital for ten years, destroys a
habitat, permanently exposes personal data or creates a difficult-to-reverse contractual obligation, the information threshold should
usually be higher.

Decision cadence also matters. A daily inventory reorder can be automated with monitoring because repeated feedback supports rapid
correction. A once-in-a-generation plant relocation cannot be trained through hundreds of organizational repetitions. Models for one-off
strategic choices should therefore emphasize scenarios, robustness and explicit assumptions rather than pretend to have frequency-
based certainty that the data cannot provide.
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PRACTICE TOOL | The one-page Decision Charter

Before analysis begins, record: the decision statement; accountable owner; deadline and review cadence; objectives and non-negotiable constraints;
alternatives currently in scope; affected stakeholders; key uncertainties; evidence already available; analyses that could change the choice; thresholds
and override rights; ethical red lines; implementation triggers; and the date on which the decision will be reviewed against outcomes. This one page
prevents many analytics projects from becoming technically sophisticated answers to undefined questions.

5.4 Decision Matrices and Multi-Criteria Decision Analysis

Most managerial decisions involve multiple objectives. Cost, quality, speed, resilience, regulatory compliance, local capability,
environmental burden and human impact can conflict. Multi-criteria decision analysis (MCDA) provides methods for making those
trade-offs explicit rather than allowing one familiar metric to dominate by default (Belton & Stewart, 2002; Keeney & Raiffa, 1976).
MCDA is a family of approaches, not one algorithm. Some methods construct an aggregate value or utility score. Others use outranking
relationships or interactive preference elicitation. At undergraduate level, a weighted additive value model is a transparent starting
point, provided its assumptions are understood.

5.4.1 The weighted additive model
For alternatives a and criteria j, a simple model is:
V(a) = sum over criteria j of w_j x v_j(a), where all w_j are nonnegative and sum to 1.

Here, v_j(a) is the normalized performance of alternative a on criterion j, and w_j is the weight representing the criterion's contribution
to overall value over the defined scale. Weights are not merely statements of abstract importance. They depend on the range of
performance being traded. Saying “safety is twice as important as cost” is meaningless unless the relevant changes in safety and cost are
defined.

A weighted model assumes sufficient preferential independence for additive aggregation. If a criterion becomes valuable only when
another criterion is present, simple addition may misrepresent the decision. It can also compensate one poor dimension with strength
elsewhere. That is inappropriate when a criterion is a hard minimum. Compliance, safety or basic human-rights requirements should
therefore often appear as constraints before scoring begins.

Worked Example: Selecting a Regional Distribution Partner

A Rwandan food manufacturer is selecting one distribution partner for an East African market. After prequalifying only legally eligible
partners, the team agrees on five decision criteria. Scores are on a 1-5 scale after evidence review. The model is deliberately simple so
that assumptions remain visible.

Table 5.3. Weighted multi-criteria comparison of regional distribution partners.

0.25 4 3 5

Landed cost efficiency

Service reliability 0.25 3 5 2
Geographic coverage 0.20 5 4 3
ﬁqoar:luprliita;nce and control 0.20 4 5 3
Digital integration 0.10 3 4 5
Weighted score 1.00 3.85 4.20 3.45

Source/Note: Author's worked example. Scores are illustrative and should be sensitivity-tested before a decision.

Partner B has the highest weighted score. That result is not yet the decision. The team should inspect the evidence behind each score,
test alternative plausible weights, identify whether one criterion has been double-counted, and ask whether any poor performance
violates a threshold that should have been a constraint. If Partner B's service score depends on data from a low-volume period, the
apparent advantage may not survive peak-season conditions. If Partner C's low compliance score reflects a remediable documentation
gap rather than actual control weakness, the option may deserve a conditional pathway rather than immediate rejection.

5.4.2 Normalization and scale design

Criteria measured in different units must be transformed before they can be added. Common transformations include min-max scaling
and value functions defined by decision makers. Suppose lower delivery time is better. A linear benefit score over a defined range can be
written as:

v_i = (worst - x_i) / (worst - best)
This formula assigns 1 to the defined best value and 0 to the defined worst value. The transformation is defensible only if the decision
maker truly values equal unit changes equally across the range. Often value is nonlinear. Reducing delivery time from 20 days to 15 may

matter much more than reducing it from 10 to 5 if the service promise is 14 days. A piecewise value function would represent that
better.
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5.4.3 Weight elicitation and the danger of disguised politics

Weights can be elicited through direct rating, swing weighting, pairwise comparison or other methods. The Analytic Hierarchy Process
(AHP) uses pairwise comparisons and a ratio-scale structure to derive priorities and includes a consistency diagnostic (Saaty, 1980).
AHP is widely used, but its results remain sensitive to judgment, scale design and the set of alternatives or criteria. Pairwise matrices do
not transform contested values into objective facts.

The deeper professional issue is governance. When a public infrastructure committee gives “local community displacement” a weight of
5% and “financial return” 50%, the model is not neutral. It has encoded a normative priority. The right response is not to avoid weights,
because unstructured decisions also contain priorities. The response is to make them transparent, involve appropriate decision rights
and affected perspectives, and test whether the recommendation changes under reasonable value assumptions.

5.4.4 Sensitivity and dominance

Before aggregating, analysts should examine dominance. Alternative A dominates B if A is at least as good on every criterion and
strictly better on at least one, under the chosen measurement. A dominated option usually does not require trade-off analysis. For non-
dominated alternatives, sensitivity analysis asks how much weights, scores or thresholds must change before the preferred option
changes.

A good MCDA report therefore contains more than the final ranking. It shows the criteria, measurement sources, normalization, weights,
excluded alternatives, hard constraints and sensitivity ranges. If a tiny change in one uncertain score reverses the ranking, the correct
conclusion is not “Partner B wins by 0.03.” It is “the decision is fragile and additional information about this criterion is valuable.”

CRITICAL DEBATE | Can every value be given a weight?

MCDA is useful precisely because organizations face competing objectives. Yet some moral claims should not be converted into compensatory weights.
A company should not calculate how many units of profit compensate for knowingly using forced labor, falsifying safety data or bribing an official. In
such cases the appropriate analytical representation is a prohibition or constraint, not a low-scoring criterion. Technical models improve judgment
only when the model structure respects the kind of claim being represented.

5.5 Decision Trees, Expected Value and the Value of Information

Decision trees are useful when choices unfold through uncertain events and later decisions. They separate decision nodes, where the
organization chooses, from chance nodes, where uncertain states occur. The tree forces probabilities, timing and consequences into an
explicit sequence.

STAGED MARKET ENTRY AND VALUE OF INFORMATION

ENTER NOW

. N
Strong demand
P=0.60
Payoff +$180k
\

EMV = $76k
Weak demand
P=0.40
Payoff -$80k
yoff -$ )

DECISION
Emter now or pilg

é Favorable signal o
P = 0.62
Enter
efore pilot cost

out $90.8k

0

A A

(Unfavorable signal
P =0.38
Do not enter

Information is valuable only when it can change action enough to justify its cost.

Figure 5.2. A decision tree for staged market entry and information acquisition.
Source: Author's worked example.
5.5.1 Expected monetary value

Where monetary consequences are a reasonable first-order measure and decision makers are approximately risk-neutral over the
relevant range, the expected monetary value (EMV) of an action is:

EMV/(action) = sum over states s of P(s) x monetary payoff(action, s)
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Suppose an exporter can enter a market now. If demand is strong, estimated net value is US$180,000; if demand is weak, the loss is
US$80,000. The team assigns a 0.60 probability to strong demand and 0.40 to weak demand, based on documented evidence and
judgment.

EMV(enter now) = 0.60(180,000) + 0.40(-80,000) = US$76,000.

The positive EMV does not mean the firm should automatically enter. The probability estimates may be weak, the downside may exceed
risk capacity, and the decision may affect more than money. Expected value is one transparent summary, not a complete moral or
managerial rule.

5.5.2 Updating after an information signal

Suppose the firm can run a pilot that produces either a favorable or unfavorable signal. Historical evidence suggests the pilot is
favorable 90% of the time when demand is truly strong and 20% when demand is weak. Bayes reasoning converts these signal
properties into posterior probabilities.

The probability of a favorable signal is 0.60(0.90) + 0.40(0.20) = 0.62. Conditional on a favorable result, the probability of strong
demand is 0.54/0.62 = 0.871. Conditional on an unfavorable result, the probability of strong demand is 0.06/0.38 = 0.158. If the firm
enters only after the favorable result, the expected value before pilot cost is approximately:

0.62 x [0.871(180,000) + 0.129(-80,000)] = about US$90,800.

The expected value of sample information is therefore about US$14,800 relative to entering immediately at an EMV of US$76,000. If
the pilot costs US$10,000, the information has positive net expected value of about US$4,800. If it costs US$20,000, the same
information is not economically justified under these assumptions.

5.5.3 Expected value of perfect information

The expected value of perfect information (EVPI) is the maximum amount a risk-neutral decision maker should pay for information that
reveals the uncertain state before the choice. In the example, with perfect information the firm would enter only in strong demand,
producing expected value 0.60 x US$180,000 = US$108,000. EVPI is US$108,000 - US$76,000 = US$32,000. No imperfect research study
can have greater expected decision value than perfect information under the same model.

Value-of-information analysis is strategically useful because organizations often research the wrong uncertainty. If a supplier-selection
decision will not change even if a criterion moves across its plausible range, additional precision on that criterion has little decision
value. Resources should be directed toward uncertainties that can change action.

5.5.4 Probability quality and scenario ambiguity

A numerical probability should represent more than confidence theater. Probabilities can come from frequency data, calibrated
forecasting models, prediction markets, structured expert judgment or a combination. When evidence cannot support a precise
probability, forcing one may be less honest than presenting a range or scenario. A manager who says “there is a 63% probability of a
policy reversal” without a defensible estimation process may create an illusion of measurement.

Decision trees are therefore most useful when probabilities are credible enough to discriminate options and the sequential structure
matters. Under deep uncertainty, robustness and scenario methods in Section 5.14 may be more appropriate.

5.6 Cognitive Biases, Logical Traps and Decision Process Design

Human judgment remains essential because models cannot fully specify objectives, novel contexts or moral limits. The same human
judgment is vulnerable to predictable error. Good decision intelligence therefore treats debiasing as process design rather than as a
lecture about personal weakness.

5.6.1 Anchoring and insufficient adjustment

An initial number can pull later estimates toward it even when the anchor is arbitrary or weakly relevant. Budget negotiations often
begin from last year's figure, acquisition discussions from a seller's opening price, and forecasts from a senior executive's target. The
danger is greatest when uncertainty is high because the anchor fills an informational vacuum.

A practical control is independent pre-estimation. Ask analysts or decision makers to produce estimates before seeing a sponsor's
target. Use outside-view base rates before inside-view detail. For acquisition or procurement decisions, define valuation ranges before
opening bids where feasible.

5.6.2 Availability and salience

Recent, vivid or emotionally charged events are easier to recall and can be overweighted. After a cyberattack, executives may overinvest
in the specific attack vector while neglecting more probable control failures. After an unusually successful product launch, managers
may assume the same pattern will recur. The corrective is not to ignore vivid incidents but to compare them with frequency data and
exposure denominators.

5.6.3 Representativeness and base-rate neglect

Decision makers may judge a case by resemblance to a stereotype while underweighting how common the outcome is. In credit, fraud
and medical screening, low base rates can make false positives dominate even with seemingly accurate models. Analysts should
therefore report the base rate, conditional rates and confusion matrix rather than a single accuracy figure.

5.6.4 Confirmation bias and motivated reasoning

People preferentially seek or interpret evidence that supports an existing position, especially when identity, status or prior investment
is involved. A sponsor who commissioned an expansion study may treat market-growth evidence as “strategic” and demand-risk
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evidence as “too conservative.” The analytical control is disconfirming evidence by design: state in advance what finding would
weaken the recommendation, assign a challenger to develop the strongest alternative explanation, and separate evidence review from
advocacy.

5.6.5 Sunk-cost escalation and commitment

A sunk cost has already been incurred and should not determine a forward-looking choice, as Chapter 1 established. Yet projects acquire
political and emotional ownership. Managers may authorize further spending to avoid admitting that earlier investment was mistaken.
Stage gates, precommitted stop conditions and independent review reduce escalation. A post-decision culture that punishes every failed
experiment makes escalation more likely because admitting failure becomes personally costly.

5.6.6 Overconfidence and narrow uncertainty intervals

Managers and forecasters often underestimate uncertainty. Narrow intervals can emerge from incomplete scenario imagination, model
assumptions or social incentives to sound decisive. The remedy is to make uncertainty calibration measurable. If 80% prediction
intervals contain only 50% of later outcomes, the forecasting process is overconfident and should be recalibrated.

5.6.7 Groupthink, hierarchy and information cascades

Organizational decisions are not simply aggregates of independent minds. Seniority can anchor a room. People may infer that earlier
speakers possess private information and suppress contrary evidence. Teams can converge on consensus because dissent is costly
rather than because the evidence is strong. Structured methods such as anonymous first-round estimates, nominal-group techniques,
pre-mortems and red teams can reduce these effects.

5.6.8 Fallacies in analytics communication

Logical fallacies also enter model use. A false dichotomy restricts alternatives. Post hoc reasoning treats sequence as causation. The
ecological fallacy attributes group-level patterns to individuals. The prosecutor's fallacy confuses P(evidence | innocence) with
P(innocence | evidence). Metric substitution replaces an important but hard-to-measure objective with an easy proxy. Automation bias
treats system output as presumptively correct. All are failures of reasoning, not merely failures of software.

Table 5.4. Cognitive biases, business manifestations and process controls.

Anchoring forecast pulled toward target or last year's budget independent initial estimates; outside-view base rates
Availability recent crisis dominates perceived risk frequency and exposure data; historical comparison
Base-rate neglect high accuracy celebrated despite many false positives report prevalence, confusion matrix and calibration

evidence selected to support sponsor's preferred

Confirmation bias disconfirmation test; independent challenge

option
Sunk-cost escalation continued investment to justify past spending stage gates; precommitted stop rules
Overconfidence prediction intervals too narrow backtesting; interval calibration; scenario ranges
Groupthink dissent disappears after senior leader speaks independent estimates; anonymous input; red team
. . . man r ion revi n i
Automation bias analyst accepts model output without context andacon e‘XCepth zienjandlovertide
documentation
. N reconnect metric to purpose; rotate or balance
Metric substitution proxy becomes the real goal

measures

Source/Note: Author's synthesis drawing on behavioral decision research discussed in Sections 5.2 and 5.6.

MANAGERIAL INSIGHT | Debias the process, not merely the person

Training people to memorize a list of biases is insufficient. Design the decision so that contrary evidence can enter, initial estimates are independent
where appropriate, thresholds are precommitted, uncertainty is measured, overrides are logged, and outcomes are reviewed. A good process makes
the right behavior easier even when people are tired, pressured or invested in a preferred answer.

5.7 Decision Quality: Separating Process from Outcome

A good decision can produce a bad outcome because the world is uncertain. A poor decision can produce a good outcome by luck. If
organizations evaluate quality only after seeing the result, they will reward gambling when it succeeds and punish prudent choices
when rare adverse states occur. Decision quality should therefore be evaluated ex ante by the information, reasoning and governance
available at the time, then ex post by outcomes and learning.

5.7.1 The decision record

A disciplined decision record captures the option selected, rejected alternatives, evidence used, probability ranges, key assumptions,
thresholds, expected outcomes, material dissent, decision owner and planned review date. This is not bureaucracy for its own sake. It
makes later learning possible. Without a record, teams reconstruct their prior beliefs after outcomes are known, often claiming that the
result was “obvious” all along.
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Decision records also improve accountability without demanding certainty. A manager should be able to say, “Under the evidence
available on 27 August 2026, we estimated a 60-70% probability of X, chose Y because its downside remained within risk capacity, and
committed to review when indicator Z crossed the threshold.” That statement is more professionally defensible than either false
certainty or vague intuition.

5.7.2 Calibration and scoring of probabilistic judgment

Probabilistic forecasts can be assessed for calibration and discrimination. A set of events assigned a 70% probability should occur
roughly 70% of the time over a sufficiently large and comparable set if the forecaster is calibrated. Discrimination asks whether higher
probabilities are genuinely associated with more frequent outcomes. A forecaster can be well calibrated but uninformative by assigning
every event its base rate.

The Brier score is one proper scoring rule for binary probabilistic forecasts:
Brier score = (1/n) x sum from i=1 to n of (p_i - y_i)*2, where y_i is 0 or 1.

Lower is better. Proper scoring rules encourage forecasters to state honest probabilities rather than strategically exaggerating
confidence. They are useful for repeated forecast environments, although they do not solve one-off strategic uncertainty.

5.7.3 Outcome review without hindsight bias

A post-decision review should ask four separate questions. Was the process sound? Was the model accurate and appropriately used?
Was implementation faithful to the decision? Did the environment change in ways that invalidate assumptions? These distinctions
prevent the model from being blamed for an execution failure, or the implementation team from being blamed for a regime shift no
reasonable process could predict.

A strong review also looks for asymmetric harm. If an automated approval model met portfolio targets but produced repeated
erroneous denials for thin-file rural customers, overall performance does not close the inquiry. Model monitoring must include relevant
subgroups, complaints, overrides and consequences as well as aggregate accuracy.

5.7.4 Decision noise and decision hygiene

Bias and noise are different decision failures. Bias is systematic directional error, whereas decision noise is unwanted variability among
judgments that should be materially similar. Two credit officers can apply the same policy to comparable cases yet produce widely
different limits; two procurement panels can score the same supplier very differently; the same manager can judge a case differently
after an irrelevant change in timing or context. Such dispersion matters even when the true answer is not directly observable because
inconsistent treatment weakens reliability, fairness and organizational learning (Kahneman et al., 2021).

Decision hygiene seeks to reduce avoidable variability without pretending that judgment can be mechanized completely. Useful controls
include independent initial assessments before group discussion, explicit criteria and reference cases, structured decomposition of
complex judgments, disciplined aggregation, and periodic measurement of inter-rater dispersion. The aim is not identical answers at
any cost. It is to make material disagreement visible, determine whether it reflects legitimate differences in evidence or values, and
prevent arbitrary variation from masquerading as expertise.

5.8 Predictive Analytics: From Statistical Models to Out-of-Sample Decisions

Prediction estimates unknown or future outcomes for cases not used to fit the model. The central professional question is not “Which
algorithm is most advanced?” but How well will this model generalize to the cases and conditions where a decision will be made?

5.8.1 Explanation, prediction and causal intervention

Three modeling objectives should remain distinct. An explanatory model estimates interpretable relationships under a theoretical
structure. A predictive model seeks accurate outcomes for new observations. A causal model estimates what would change if an
intervention were altered. These objectives can overlap, but one does not guarantee another.

Suppose customer complaints predict churn. A predictive model may correctly identify high-risk customers. It does not follow that
reducing recorded complaints will reduce churn. Complaints may be a symptom of deeper service problems, and suppressing complaint
channels could reduce the recorded predictor while worsening the underlying outcome. Intervention decisions require causal
reasoning, not merely predictive importance.

5.8.2 Supervised and unsupervised learning

Supervised learning uses observations with known outcomes or labels to learn a mapping from predictors to an outcome. Regression
predicts a continuous quantity; classification predicts a category or probability. Unsupervised learning searches for structure without
a labeled outcome, as in clustering, dimensionality reduction or anomaly detection. Semi-supervised and self-supervised approaches
combine or transform these ideas, but the managerial distinction remains useful: supervised models optimize against a defined target,
while unsupervised models discover patterns whose business meaning must be established later.
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PREDICTIVE ANALYTICS WORKFLOW

provenanc test cost overrides impact

CONTROLS ACROSS THE PIPELINE
no leakage | temporal validity | subgroup checks | reproducibility | security | human accountability

TARGET DATA SPLIT FIT _EVALUATE DEPLOY MONITOR
et features train o] dlscr_lmln?tlo thresho_ld drift
R labels . validate perparametets calibration guardrails errors

Feedback can trigger recalibration, retraining or retirement.

Figure 5.3. Predictive analytics workflow from decision target to monitored deployment.
Source: Author's synthesis, informed by standard machine-learning validation practice.

5.8.3 Features, labels and the target-definition problem

A feature is an input variable used by a predictive model. A label or target is the outcome the model is trained to predict. The target-
definition problem is often more consequential than algorithm choice. “Good employee,” “fraud,” “creditworthy,” “high-value customer”
and “successful supplier” are not natural labels waiting in a database. They are operational definitions produced by organizational
processes.

Historical labels can encode historical decisions. If a bank trains a credit model only on applicants who were previously approved,
repayment labels are missing for rejected applicants. If a hiring model treats past promotion as a label of potential, it may reproduce
prior promotion structures. If a fraud model uses chargebacks as the ground truth, it may miss fraud that customers never reported.
Gebru et al. (2021) propose dataset documentation precisely because provenance, composition, collection and recommended uses
materially affect model interpretation.

5.8.4 Training, validation and test sets
A predictive model is evaluated on data that did not determine its fitted parameters. A common architecture uses:

A robust predictive workflow normally separates three functions. The training data estimate model parameters. A validation set, or a
cross-validation procedure, guides choices about model complexity, features and hyperparameters. A genuinely held-back test set
then provides the final estimate of generalization performance after those development choices have been made.

The conceptual rule is more important than fixed percentages. Every time the analyst uses test performance to choose a feature,
threshold or model, the test set becomes part of model development and loses its status as an independent check. In small datasets,
cross-validation can use data more efficiently, but preprocessing steps must be performed inside the resampling procedure to avoid
leakage.

5.8.5 Overfitting, underfitting and the bias-variance tension

Overfitting occurs when a model learns idiosyncrasies of the training data that do not generalize. Underfitting occurs when the model
is too restrictive to capture important structure. Greater flexibility can reduce training error while increasing sensitivity to sample
noise. Regularization, cross-validation, pruning, early stopping, feature reduction and larger representative samples can control
overfitting, but no technique removes distribution shift.

A model can also be operationally overfit. If a forecasting system is tuned to one period of stable fuel prices, it may fail when a
geopolitical shock changes transport economics. If a fraud model learns current attacker patterns, adversaries may adapt after
deployment. Predictive performance is therefore conditional on the data-generating environment.

5.8.6 Data leakage

Leakage occurs when information unavailable at the true decision time enters model training or validation. A loan-default model that
uses a variable updated after delinquency begins can appear extraordinarily accurate while being useless at origination. A churn model
may accidentally include account-closure codes. Leakage also arises when repeated observations from the same customer appear in
both train and test sets or when future aggregate statistics are used to transform earlier observations.

The prevention rule is temporal and operational: build the dataset as it would have existed at the moment of decision. Ask, “Could the
decision maker genuinely know this field now?” If not, the variable should not be used merely because it exists in the warehouse.

5.8.7 Cross-validation and temporal validation

In independent and identically distributed settings, k-fold cross-validation partitions data into k subsets, repeatedly fitting on k-1 folds
and validating on the remaining fold. Time-dependent data require different logic because future observations must not train a model
used to predict the past. Rolling-origin or expanding-window evaluation respects temporal order. Chapter 4 introduced time-series
structure; Chapter 5 emphasizes that validation architecture must reproduce deployment conditions.
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5.8.8 Performance drift and concept drift

Model performance can deteriorate because input distributions change, relationships change or the meaning of the target changes. Data
drift refers broadly to changes in input distributions. Concept drift refers to changes in the mapping between inputs and target. A
customer-income variable may retain the same distribution while its relationship with default changes after a regulatory or
macroeconomic shock. Drift monitoring should therefore include inputs, outputs, residuals, calibration, subgroup errors and business
outcomes.

EVIDENCE CHECK | The best validation score is not necessarily the best business model

A model that improves AUC from 0.81 to 0.82 may add little decision value if it is difficult to interpret, costly to operate, unstable across regions or
dependent on sensitive data. Compare models on the metrics and constraints that matter to the decision system, including calibration, latency,
robustness, maintainability, fairness, privacy and the cost of errors.

5.9 Classification: Probabilities, Thresholds and the Costs of Error

Classification converts features into categories or probabilities. Business applications include credit approval, fraud review, customer
churn, quality defects, shipment delay, lead prioritization and compliance screening. The model may estimate a probability, but the
organization chooses the threshold that converts probability into action.

5.9.1 Logistic regression as a bridge
Chapter 4 developed linear regression. Logistic regression extends regression logic to a binary outcome by modeling the log-odds of an
event:

log[p/(1-p)] = beta_0 + beta_1x_1 + ... + beta_k x k.

The fitted probability lies between 0 and 1. Coefficients can be interpreted through odds ratios, but in decision intelligence the larger
question is whether predicted probabilities are well calibrated and how they should be converted into actions. Logistic regression can
be highly competitive when relationships are reasonably structured and has the advantage of relative interpretability.

5.9.2 Trees, random forests and boosting

A decision tree recursively partitions predictor space using rules that improve separation of outcomes. Trees are easy to visualize but
can be unstable and prone to overfitting. Random forests average many decorrelated trees fitted to resampled data and feature
subsets, improving predictive stability at the cost of direct interpretability (Breiman, 2001b). Gradient boosting builds an additive
ensemble sequentially, with later models focusing on residual errors or gradients; Friedman's (2001) gradient-boosting formulation
became foundational for modern tree-boosting systems.

No algorithm dominates every dataset. Model choice should be empirical and decision-sensitive. A small transparent logistic model can
be preferable in a high-stakes approval process if its performance is close to a complex black box and stakeholders need stable,
contestable reasons. Rudin (2019) argues that high-stakes settings should favor inherently interpretable models where they can achieve
sufficient performance rather than relying only on post-hoc explanations of opaque systems.

5.9.3 The confusion matrix
For a binary classifier, predictions produce four outcomes.

Table 5.5. Binary classification confusion matrix.

Actual positive Actual negative

Predicted positive True positive (TP) False positive (FP)

Predicted negative False negative (FN) True negative (TN)

Source/Note: Standard classification notation. The business meaning of positive and negative must be defined for each application.

From these counts:
Accuracy = (TP+TN) /N
Precision = TP / (TP + FP)
Recall or sensitivity = TP / (TP + FN)
Specificity = TN / (TN + FP)
F1 =2 x (Precision x Recall) / (Precision + Recall)

Each metric answers a different question. Accuracy can be misleading when the positive class is rare. Precision asks how often a positive
prediction is correct. Recall asks how many actual positives are captured. Specificity asks how many actual negatives are correctly left
negative. F1 balances precision and recall through a harmonic mean but still ignores explicit economic or moral costs.

Worked Example: Why 92% Accuracy Can Be Inadequate

A lender evaluates 1,000 applications, of which 100 later default under the observed definition. At one threshold, the model flags 120
applications as high risk. Of these, 70 are true defaulters and 50 would have repaid. Among the 880 classified low risk, 30 default and
850 repay.
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Accuracy is (70 + 850)/1,000 = 92.0%. Precision is 70/120 = 58.3%. Recall is 70/100 = 70.0%. Specificity is 850/900 = 94.4%. F1 is
approximately 63.6%. The 92% headline looks strong because repayment is common. Yet the decision system still misses 30% of
defaulters and falsely flags 50 reliable borrowers.

Whether the threshold is acceptable depends on the decision. If every false negative produces an expected loss five times greater than
the cost of a manual review, a lower threshold may be justified. If a “high-risk” label automatically denies essential working capital and
the model has uncertain thin-file performance, the cost of false positives deserves greater weight. A technically sound system should
make these consequence assumptions explicit rather than hiding them behind a generic 0.50 threshold.

5.9.4 ROC curves, AUC and precision-recall curves

A receiver operating characteristic (ROC) curve plots true-positive rate against false-positive rate across thresholds. The area under the
ROC curve (AUC) measures ranking discrimination: the probability that a randomly selected positive case receives a higher score than a
randomly selected negative case under standard interpretation. AUC is threshold-independent but not decision-independent. It does not
reveal calibration, base rates, error costs or performance at the operational region that matters.

When positive outcomes are rare, precision-recall curves can be more informative because precision responds to prevalence. Still,
neither curve selects the threshold on behalf of the organization. Threshold choice belongs to the decision architecture.

5.9.5 Calibration

A model is calibrated when predicted probabilities correspond to observed frequencies in relevant groups and ranges. Among cases
scored near 0.20, roughly 20% should experience the event over an appropriate sample if the model is well calibrated. A model can rank
cases well but be poorly calibrated. That matters when probabilities feed expected-loss, pricing or resource-allocation calculations.

Calibration should be monitored after deployment because changing base rates can invalidate probability estimates even when ranking
remains useful. Platt scaling, isotonic regression and other recalibration methods can help, but recalibration itself must use appropriate
out-of-sample data.

5.9.6 Cost-sensitive and capacity-sensitive thresholds
A decision threshold can be selected by minimizing expected cost:
Expected classification cost(t) = C_FP x FP(t) + C_FN x FN(t), adjusted where necessary for other consequences.

This expression is deliberately incomplete because many decisions have consequences that are not reducible to money. In fraud
detection, manual-review capacity can also impose a constraint: the organization may be able to review only 2% of transactions. Then
the relevant decision becomes how to rank and allocate scarce review resources while maintaining safeguards for severe cases.

5.9.7 Fairness and subgroup performance

Aggregate accuracy can conceal unequal error rates. Analysts should examine calibration, false-positive and false-negative rates across
contextually relevant groups where lawful and appropriate. Fairness is not one universal metric. Chouldechova (2017) and Kleinberg et
al. (2017) show that commonly desired fairness criteria can be mathematically incompatible when outcome base rates differ. The
existence of trade-offs does not make fairness impossible. It means organizations must state which fairness concept fits the decision,
why, and what harms follow from the chosen error distribution.

A purely mathematical fairness audit is also insufficient. Historical outcome labels may reflect unequal opportunities. A model can
satisfy a statistical constraint yet use an illegitimate variable, deny meaningful recourse or create a burden that is morally unacceptable.
Fairness therefore combines statistical diagnostics with institutional and moral analysis.

5.9.8 From outcome prediction to treatment choice: uplift and adaptive experimentation

A standard classifier estimates what is likely to happen. Many managerial decisions require a different quantity: what is likely to change
because a particular action is taken. A customer with high churn risk is not necessarily the customer whose retention probability will
increase most after an incentive. Uplift modeling and heterogeneous treatment-effect methods estimate incremental response, often
expressed through conditional average treatment effects, so scarce interventions can be directed toward cases where the action is
expected to make a difference. Recent operations-research work extends this logic from binary offers to continuous treatment levels
and explicitly links estimated treatment effects to constrained allocation decisions (De Vos et al.,, 2026).

Repeated digital decisions can also learn while acting. Multi-armed and contextual bandit methods formalize the exploration-
exploitation problem: the organization must use currently preferred actions while reserving enough experimentation to discover
whether another action performs better (Lattimore & Szepesvari, 2020). This can be valuable in low-to-moderate consequence settings
such as ranking content variants, allocating limited promotional impressions or choosing among operational messages when feedback
arrives quickly.

Adaptive decision systems require stricter governance than a conventional fixed experiment because the allocation rule changes with
accumulating outcomes. Exploration can impose unequal burdens, delayed outcomes can reward the wrong policy, and feedback loops
can make later observations dependent on earlier decisions. Safe action sets, minimum evidence thresholds, explicit exploration limits,
protected groups, stopping rules and off-policy evaluation should therefore be defined before deployment. High-stakes or difficult-to-
reverse decisions should not be converted into continual experimentation merely because the software permits it.

5.10 Clustering and Segmentation: Discovering Structure Without a Label

Clustering groups observations according to similarity without a pre-existing target variable. Firms use clustering to explore customer
segments, supplier profiles, store patterns, product portfolios and operational regimes. The analytical danger is to treat any partition
produced by an algorithm as if it revealed natural categories.
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5.10.1 K-means clustering

K-means assigns observations to k clusters to minimize within-cluster squared distance from cluster centroids. Its objective can be
written as:

Minimize the sum, over clusters and observations assigned to them, of squared distance from each observation to its cluster centroid.

The method is computationally efficient and useful for roughly spherical clusters on appropriately scaled continuous variables. It
requires k to be chosen, is sensitive to initialization and outliers, and can be distorted when variables use different units. Standardizing
variables may be necessary, but standardization also assigns implicit importance. A one-standard-deviation change in income then has
the same geometric scale as a one-standard-deviation change in transaction frequency even if their business meanings differ.

5.10.2 Hierarchical and density-based alternatives

Hierarchical clustering builds nested groupings using linkage rules and can be visualized through a dendrogram. Density-based
approaches identify dense regions and can discover irregular cluster shapes while labeling sparse points as noise. The appropriate
method depends on data type, geometry, noise and the intended use. Mixed categorical and continuous data may require specialized
distance measures rather than Euclidean distance.

5.10.3 Choosing k and judging cluster quality

Internal metrics such as within-cluster sum of squares or the silhouette coefficient can compare compactness and separation. Yet a
mathematically neat cluster can be useless for business. A customer segment is actionable only if it is sufficiently stable, interpretable,
reachable and related to different decisions. If clusters disappear when one month of data is added, they may represent noise rather
than durable segments.

The proper workflow therefore combines statistical diagnostics with substantive validation. Examine stability under resampling,
alternative scalings and reasonable k values. Profile clusters using variables not used to create them. Test whether distinct actions
actually perform differently across segments. Do not give clusters essentialist labels such as “unreliable customers” when the algorithm
merely grouped transaction patterns.

5.10.4 Segmentation is not causal personalization

If Cluster A buys more after receiving a promotion than Cluster B in historical data, the difference does not prove that the promotion
caused the response. Segmentation can identify heterogeneity; causal personalization requires evidence about differential treatment
effects. This distinction becomes important in marketing, credit and public programs where firms may allocate benefits or burdens by
segment.

AFRICAN CONTEXT | Informality can be signal, not noise

African enterprise data often mix formal records with mobile-money traces, agent networks, informal distribution and fragmented identifiers. A
clustering model may label low-record firms as anomalous simply because the data system was designed around formal enterprises. Before
interpreting a “low-engagement” or “high-risk” cluster, ask whether the pattern reflects economic behavior or uneven institutional visibility.

5.11 Forecasting for Managerial Planning and Scenario Analysis

Chapter 4 introduced time-series foundations, trend, seasonality and benchmark forecasting. Chapter 5 does not reteach those
mechanics. It asks how forecasts should enter planning, resource commitments and contingent decisions.

5.11.1 A forecast is conditional information, not a future fact

A forecast is a model-based statement about future values conditional on information, assumptions and the stability of relevant
relationships. Point forecasts compress uncertainty and are easy to misuse. Managers should prefer prediction intervals or full forecast
distributions when decision consequences are nonlinear. A stockout cost and an overstock cost are rarely symmetric, so the mean
forecast may not be the correct ordering quantity.

Hyndman and Athanasopoulos (2021) emphasize evaluation against out-of-sample benchmarks. Forecasting competitions likewise
show that combinations of methods can perform strongly and that complexity does not guarantee superior accuracy (Makridakis et al.,
2018, 2020). The managerial lesson is modest: benchmark first, test out-of-sample, combine where justified, and resist claims that a
new algorithm “solves forecasting” across domains.

5.11.2 Forecast horizon and decision horizon

Forecast accuracy generally deteriorates as the horizon extends, but the relevant horizon is determined by the decision. A retailer may
need daily demand for replenishment, a logistics company quarterly capacity, and an infrastructure investor multi-year scenarios. Long-
horizon decisions require more attention to structural uncertainty because historical relationships have more time to change.

Forecast horizons should align with lead times and reversibility. There is little value in a one-week demand forecast for a component
with a six-month procurement lead time unless the forecast feeds a longer planning model. Conversely, a 12-month forecast may be too
coarse for perishable inventory with daily spoilage.

5.11.3 Forecast accuracy metrics and business loss

Common forecast errors include mean absolute error (MAE), root mean squared error (RMSE) and scale-independent measures such as
mean absolute scaled error. The best statistical metric depends on decision loss. Squared-error metrics penalize large errors more
heavily. Absolute-error metrics are less sensitive to extremes. Percentage errors can misbehave near zero.
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A model that reduces RMSE may not improve business value if its gains occur in periods where error is inexpensive. Conversely, a model
can have slightly worse average accuracy but better performance during peak demand, where stockouts are costly. Evaluation should
therefore include both statistical accuracy and decision-weighted loss.

5.11.4 Forecast value added

Organizations often modify statistical forecasts through meetings and executive adjustments. A disciplined process measures forecast
value added by comparing each stage with a benchmark. If managerial overrides consistently worsen accuracy without adding risk
information absent from the model, they should be reduced. If overrides improve performance during identifiable events, the
organization should learn the conditions under which judgment adds value.

This discipline protects both human judgment and models from ideology. It does not presume that the algorithm is right, and it does not
presume that experienced managers are right. It tests the combined process.

5.11.5 Scenario analysis is not forecasting with three numbers

A scenario is a coherent conditional description of how important drivers could interact. A base, upside and downside forecast
generated by multiplying revenue by 0.9, 1.0 and 1.1 is sensitivity analysis, not full scenario planning. Good scenarios alter underlying
drivers and relationships: exchange rates, regulation, infrastructure, competitor entry, energy availability, customer income, trade
restrictions or technology adoption.

Scenarios are especially useful where probabilities are difficult to defend. They should be plausible, internally coherent, decision-
relevant and sufficiently different to expose strategic vulnerabilities. Assigning probabilities to scenarios can be useful when evidence
supports them, but scenarios do not require probabilities to serve their primary purpose: testing whether a decision remains acceptable
across different futures.

5.11.6 Stress testing and reverse stress thinking

A stress test asks how a decision or portfolio performs under severe but plausible conditions. Reverse stress testing begins from failure
and asks what combination of conditions could produce it. For a cross-border distributor, the stress could combine a 15% currency
depreciation, a two-week border delay and a 20% demand decline. Reverse stress asks what set of shocks would breach liquidity or
service limits. The exercise is valuable because organizations often model one variable at a time even though real crises combine shocks.

PRACTICE TOOL | Forecast-to-decision bridge

For every forecast used in a decision, record the horizon, benchmark, validation period, prediction interval, known structural risks, decision loss
function, trigger thresholds, override rights and recalibration schedule. Then ask a final question: if the forecast is wrong in the most consequential
plausible direction, what decision safeguard prevents the error from becoming an organizational crisis?

5.12 Optimization and Resource Allocation

Prediction tells managers what may happen. Optimization asks which feasible action best advances a defined objective. Operations
research provides a family of methods for allocating scarce resources, scheduling activities, routing flows, selecting portfolios and
configuring systems; linear programming is a foundational example (Dantzig, 1963). The intellectual discipline is powerful precisely
because it forces the analyst to state what is being optimized and what constraints must be respected.

5.12.1 The anatomy of an optimization model
An optimization problem contains decision variables, an objective function and constraints. A linear program has the general form:
Maximize or minimize: c_1x 1+c2x2+..+cnxn
subject to: A x <=b and specified sign or integrality restrictions.
The decision variables x represent quantities the organization controls. The coefficients c translate those quantities into the objective,
such as contribution margin or cost. The matrix A and vector b describe resource requirements and limits.

Optimization is not prediction. The coefficients may themselves come from forecasts or statistical estimates, but once they enter the
model the optimization assumes them or their uncertainty structure. If predicted demand is wrong, a mathematically optimal allocation
can be operationally poor. Robust, stochastic or scenario-based optimization extends the framework when uncertainty is material.

5.12.2 Worked Example: Product mix under two scarce resources
A small manufacturer produces Product X and Product Y. Each unit of X contributes US$40 and uses three hours of Resource 1 and one
hour of Resource 2. Each unit of Y contributes US$30 and uses two hours of Resource 1 and two hours of Resource 2. The firm has 180
hours of Resource 1 and 120 hours of Resource 2.
Letx and y be units of X and Y.
Maximize Z = 40x + 30y
subject to 3x + 2y <= 180
X+ 2y <=120
x>=0,y>=0.
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FEASIBLE REGION AND OPTIMAL PRODUCT MIX
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Figure 5.4. Feasible region and optimal product mix for the worked linear-programming problem.
Source: Author's calculation.

The feasible corner points are (0,0), (60,0), (0,60) and the intersection of the two binding constraints. Solving 3x + 2y = 180 and x + 2y =
120 gives x = 30 and y = 45. The objective values are US$0, US$2,400, US$1,800 and US$2,550 respectively. The optimal solution under
the model is therefore 30 units of X and 45 units of Y, yielding contribution of US$2,550.

The word “optimal” is conditional. The solution assumes linear contribution, divisible output, known resource requirements, no demand
upper bounds and no other constraints. If products are indivisible, if demand for Y is only 30 units, or if the contribution estimate
excludes a quality-control cost, the solution changes. The analyst should never present an optimization result without its assumptions
and feasibility interpretation.

5.12.3 Shadow prices and marginal resource value

The shadow price of a binding constraint measures the local change in the optimal objective from one additional unit of that resource,
within an allowable range. For this example, the dual values at the optimum are US$12.50 for Resource 1 and US$2.50 for Resource 2.
That means an additional hour of Resource 1 is locally more valuable than an additional hour of Resource 2 under the current model.

Shadow prices can guide capacity decisions, outsourcing and internal transfer prices. They are not permanent market values. Once a
constraint ceases to bind or the product mix changes, the marginal value changes. A manager who buys unlimited capacity at the
reported shadow price misunderstands sensitivity analysis.

5.12.4 Integer, network, nonlinear and stochastic models

Many business decisions require integer variables: one cannot open 2.4 warehouses or buy 0.6 trucks. Integer programming handles
discrete choices. Network models address shortest paths, flows, assignment and transportation. Nonlinear optimization handles
objectives or constraints that are not linear, such as diminishing returns or nonlinear risk. Stochastic optimization incorporates
uncertain parameters through probability distributions or scenarios.

These methods can be computationally sophisticated, but their managerial value still depends on the model boundary. A global logistics
optimizer that minimizes freight cost but omits supplier labor conditions, customs risk or delivery reliability is not “wrong”
mathematically. It is incomplete managerially. The organization must decide which factors belong in the objective, which are
constraints, and which require separate judgment.

5.12.5 Multi-objective optimization and Pareto efficiency

When objectives conflict, there may be no single solution that is best on every dimension. A solution is Pareto efficient if no objective
can be improved without worsening at least one other objective. The Pareto frontier helps decision makers see feasible trade-offs before
choosing value weights. It is particularly useful where cost, service, emissions, resilience and local sourcing conflict.

Pareto efficiency is a technical property, not a moral endorsement. An allocation can be Pareto efficient and still unjust if the underlying
rights, starting positions or distribution of burdens are unacceptable. Efficiency should therefore be distinguished from legitimacy
throughout business analytics.
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ETHICAL DILEMMA | What should never enter the objective as a tradeable cost?

Suppose a scheduling optimizer can reduce labor cost by assigning repeated unsafe night shifts to the same low-paid workers because their turnover
probability is estimated to be low. The algorithm may improve the stated objective. The model is not thereby morally neutral. Worker safety and
dignity may require hard constraints, not monetary penalties that can be outweighed by sufficient savings.

5.13 Simulation, Sensitivity and What-If Modeling

Optimization often assumes a compact mathematical structure. Simulation is useful when the system is too uncertain, nonlinear or
operationally complex for a closed-form solution. A simulation represents how inputs and rules generate outcomes, then repeats the
process across plausible conditions.

5.13.1 Monte Carlo simulation

Monte Carlo methods use repeated random sampling from specified probability distributions to estimate the distribution of model
outcomes (Metropolis & Ulam, 1949). A project simulation might sample demand, price, exchange rate, lead time and failure rate,
calculate profit for each trial, and summarize the resulting distribution.

A disciplined Monte Carlo workflow has six stages. First, define the decision output, such as cash requirement or service failure
probability. Second, identify uncertain inputs that materially affect it. Third, specify distributions based on data, expert judgment or
ranges. Fourth, specify dependence among variables. Fifth, run enough trials for stable summaries. Sixth, interpret percentiles and tail
outcomes relative to decision thresholds.

5.13.2 Distributions are assumptions, not decorations

Analysts often select normal, triangular or uniform distributions because software makes them convenient. The choice should reflect
the phenomenon. A normal distribution permits negative values and symmetric tails, which may be inappropriate for demand, delay or
cost. A triangular distribution can encode expert minimum, most-likely and maximum values but may underrepresent extreme tails.
Empirical resampling can preserve observed distribution shapes but assumes historical observations remain relevant.

Where distribution evidence is weak, sensitivity ranges may be more honest than precise stochastic simulation. Running 100,000 trials
does not create information absent from the input assumptions. It only propagates those assumptions with numerical precision.

5.13.3 Correlation and dependence

Ignoring dependence can badly understate or overstate risk. Fuel prices and exchange rates may move together during a
macroeconomic shock. Demand and selling price may be negatively related. Supplier delay risks may become positively correlated
during a border disruption. Independent sampling of correlated risks can produce unrealistic scenarios.

Analysts should therefore estimate or justify correlations, use scenario-linked drivers, or test a range of dependence assumptions. Tail
dependence deserves special attention because correlations observed in normal periods can strengthen during crises.

5.13.4 What-if and deterministic sensitivity analysis

A what-if model changes inputs deliberately to observe how outputs respond. One-way sensitivity varies one input while holding
others fixed. Two-way sensitivity varies two inputs together. Tornado diagrams rank the influence of inputs across plausible ranges.
Scenario analysis changes coherent sets of assumptions simultaneously.

Sensitivity is not probability. If profit falls below zero when demand is 20% lower, that reveals vulnerability. It does not say there is a
20% probability of loss. The distinction prevents managers from converting stress ranges into unsupported likelihood claims.

5.13.5 Simulation as a learning environment

Simulation is also valuable for process design. Discrete-event simulation can model queues, service times, capacity and routing in
hospitals, ports, warehouses or call centers. Agent-based models can represent interacting actors whose local rules generate system
patterns. These methods can reveal bottlenecks and nonlinear behavior, but they require verification that the coded model implements
its intended rules and validation that behavior is credible enough for the decision purpose.

A sophisticated simulation can still be wrong for three reasons: the conceptual model omits an important mechanism; the
implementation incorrectly encodes the model; or the parameters are poorly estimated. Verification asks whether the model was
built right. Validation asks whether the right model was built for the intended use.

MANAGERIAL INSIGHT | Simulate the decision, not merely the variable

Managers often ask for “a Monte Carlo on revenue.” A more useful model simulates the full decision consequence: demand affects volume, volume
affects capacity, capacity affects service, service affects repeat demand, exchange rates affect landed cost, and financing limits constrain inventory. The
value of simulation lies in representing consequential interactions, not in producing a visually impressive histogram.

5.14 Risk, Uncertainty, Ambiguity and Robust Decisions

Business decisions range from routine risk to deep uncertainty. Knight (1921) famously distinguished measurable risk from uncertainty
that cannot be reduced to known probabilities. Modern practice uses more nuanced categories, but the distinction remains useful:
sometimes the problem is not that the probability is unknown with precision; the relevant states themselves may be incomplete or
changing.
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5.14.1 Risk as probability and consequence
At a basic level, risk combines likelihood and consequence. Expected loss can be expressed as:
Expected loss = sum over adverse states of P(state) x loss(state).

Expected loss is informative but incomplete when losses are highly skewed, irrecoverable or ethically non-compensable. A one-in-a-
thousand event that causes catastrophic harm cannot always be treated as economically equivalent to one thousand small one-dollar
losses. Risk governance must consider tail severity, concentration, reversibility and the organization's capacity to absorb loss.

5.14.2 Risk capacity, appetite and tolerance

Risk capacity is the maximum risk an organization can absorb without threatening its viability or core obligations. Risk appetite
expresses the amount and type of risk it is willing to pursue or retain in seeking objectives. Risk tolerance translates appetite into
operational limits. These concepts should not be reduced to branding statements. A currency-exposed importer may have a formal
appetite for moderate FX risk but an operational tolerance that limits unhedged payable exposure to a defined amount.

A Christian or other moral framework adds a further layer: an organization may have financial capacity to impose a risk on others
without having moral permission to do so. Capacity is not legitimacy.

5.14.3 Expected utility, certainty equivalents and risk aversion

A risk-averse decision maker may prefer a certain outcome to a gamble with the same expected monetary value. The certainty
equivalent is the guaranteed amount considered equally desirable as the risky prospect. The difference between expected monetary
value and the certainty equivalent is a risk premium under the model.

Expected utility is useful when risk preferences can be meaningfully elicited. It is less useful when the consequences involve multiple
stakeholders, rights or ambiguous catastrophic outcomes. In such settings, robust constraints, worst-case analysis or scenario methods
may be more appropriate.

5.14.4 Ambiguity and model uncertainty

Parameter uncertainty concerns uncertain values within a chosen model. Model uncertainty concerns uncertainty about the model
structure itself. Ambiguity concerns insufficient grounds to assign confident probabilities. Analysts often report parameter confidence
while ignoring model uncertainty. A demand model may estimate a narrow coefficient interval under one specification while alternative
plausible specifications produce materially different decisions.

Model ensembles, specification sensitivity, expert challenge and scenario analysis help reveal this uncertainty. The organization should
also ask whether a model is being used outside its domain of validity. A credit model trained in one regulatory and economic regime
may not transport directly to another country merely because variables share names.

5.14.5 Robustness, minimax and minimax regret

A robust decision performs acceptably across a range of plausible futures rather than maximizing performance in one predicted future.
Under a maximin rule, the decision maker chooses the alternative with the best worst-case outcome. Under minimax regret, the decision
minimizes the maximum regret relative to the best action that would have been chosen with hindsight in each state.

These rules are conservative and can sacrifice expected value. They become attractive when probabilities are weak, downside is severe
or the decision is difficult to reverse. Robustness should therefore be a deliberate response to uncertainty, not a reflexive rejection of
risk.

5.14.6 Real options and staged commitments

A real-option perspective values flexibility. A pilot, modular investment, lease or staged market entry may cost more per unit than
immediate full commitment but preserve the option to expand, pause or abandon after learning. The value of flexibility rises with
uncertainty and irreversibility. Chapter 18 later develops investment valuation in detail; here the point is decision architectural: staged
alternatives can convert an all-or-nothing forecast problem into a learning process.

5.14.7 Stress testing and reverse stress testing

Stress testing should connect shocks to mechanisms. “Revenue down 20%” is less informative than a scenario in which exchange-rate
depreciation raises landed cost, customer purchasing power weakens, and credit terms tighten simultaneously. Reverse stress testing
asks what conditions would cause breach of a critical limit, such as liquidity, safety, solvency or service continuity. The purpose is not to
predict that exact combination. It is to discover hidden fragility and design contingency actions.

Table 5.6. Analytical responses to different forms of uncertainty.

Uncertainty condition Suitable analytical response What the method can reveal What it cannot guarantee

probability models, calibrated estimated event likelihoods and

le fi i isi -
Stable frequencies, repeated decisions prediction expected losses

future regime stability

confidence/prediction intervals,

Parameter uncertainty L . . range of outcomes under model correctness of model structure
sensitivity, Bayesian updating
. alternative models, ensembles, . . )
Model uncertainty I sensitivity to structural assumptions completeness of alternatives
specification checks
. L scenarios, robustness, minimax regret, . . . . I
Deep uncertainty / ambiguity - & vulnerability and option resilience precise event probabilities
staged commitment
Severe tail exposure stress and reverse stress testing failure mechanisms and buffers exact frequency of extreme states
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Source/Note: Author's synthesis. Method choice should reflect the quality of probabilities, model uncertainty, reversibility and tail exposure.

5.15 Business Intelligence Systems, Dashboards, KPIs and Monitoring

Business intelligence (BI) is the organizational infrastructure that turns distributed data into accessible information for recurring
decisions. Chen et al. (2012) describe the evolution of business intelligence and analytics from structured enterprise data toward
broader data and analytical capabilities. The contemporary stack may include transactional systems, APIs, data warehouses or
lakehouses, transformation pipelines, semantic layers, analytics models, dashboards, alerts and Al interfaces. The managerial principle
is enduring: the architecture should preserve traceability from source to decision.

BUSINESS INTELLIGENCE ARCHITECTURE

SOURCE SYSTEMS DATA PLATFORM SEMANTIC LAYER
sales | ERP | CRM ipgest | quality | warehouse/lakeho metric definitions | metadata
operations | external lineage | access shared business logic
ACTION + LEARNING DECISION LAYER ANALYTICS
owners | execution | outcomes dashboards | alerts models | forecasts
review | recalibration Al interfaces | thresholds segments | scenarios

GOVERNANCE PLANE
metric ownership | privacy | security | quality | access | audit | incident response

Feedback converts information delivery into organizational learning.

Figure 5.5. Business intelligence architecture from operational systems to decisions and feedback.
Source: Author's synthesis, informed by business-intelligence and data-governance literature.

5.15.1 Single sources of truth and semantic consistency

Organizations frequently suffer not from lack of data but from competing definitions. Finance reports “active customer” one way,
marketing another, and a regional office a third. A modern BI platform should therefore maintain a semantic layer or governed metric
definitions that specify numerators, denominators, time windows, exclusions and ownership.

The phrase “single source of truth” should be used cautiously. Data can have multiple legitimate views for different questions. The aim is
not one universal table but traceable definitions and reconciled logic. A sales metric can be recognized revenue, booked orders or cash
collected depending on the decision. Confusion arises when the definition changes silently.

5.15.2 KPIs: indicators, not objectives themselves

A key performance indicator (KPI) is a measure selected because it signals performance relevant to an objective. Good KPIs are
decision-linked, defined, timely enough, interpretable and owned. They can be leading or lagging. A lagging indicator such as annual
customer retention records an outcome after it occurs. A leading indicator such as repeated service failure may provide earlier warning.

Metrics can be gamed when rewards or sanctions depend strongly on them. Call centers that target average handling time can end calls
prematurely. Sales teams paid only for revenue can discount excessively or sell unsuitable products. Procurement teams rewarded only
for invoice savings can transfer hidden cost into quality failures. The control is not to avoid measurement but to use balanced indicators,
investigate gaming incentives and preserve professional judgment.

5.15.3 Dashboards as attention-allocation systems

A dashboard is an interface for allocating managerial attention. Its job is not to display every available metric. It should surface the small
set of signals needed for a defined decision cadence, with context, uncertainty, thresholds and drill-down paths.

A good dashboard answers: What changed? Compared with what? Is the change material? What uncertainty surrounds it? Who owns
the response? What action is triggered? An alert without an owner creates noise. A red metric without a defined threshold creates
anxiety. A trend without denominator or seasonal context creates misinterpretation.

5.15.4 Monitoring models as well as business outcomes

Predictive systems require dual monitoring. Business monitoring tracks whether the process achieves outcomes such as loss
reduction, service level or conversion. Model monitoring tracks data drift, calibration, discrimination, residuals, feature stability,
subgroup performance, missingness, latency and override patterns. A model can maintain technical performance while business value
deteriorates because the intervention around it changed.
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Monitoring should also include complaints and qualitative evidence. A credit model's AUC will not reveal that customers cannot correct
inaccurate data. An automated hiring screen's throughput will not reveal that applicants cannot understand why they were rejected.
Human feedback is part of decision-system telemetry.

5.15.5 Alerts, thresholds and escalation

Alerts should be tiered by severity and action. A warning can prompt investigation; a breach can trigger mandatory escalation; a critical
threshold can stop an automated action. Thresholds should account for measurement noise to avoid oscillation and alert fatigue.
Hysteresis, persistence rules or confidence bands can prevent a process from switching states because of trivial fluctuations.

Every high-stakes automated decision should have a defined failure mode: fail open, fail closed, route to human review, or suspend the
process. The correct choice depends on the harm of false continuation versus false interruption. A payment-fraud system and a medical
device should not share the same default simply because both use machine learning.

5.15.6 Model lifecycle, documentation, independent validation and retirement

A deployed model is not a one-time analytical artifact. It is a governed lifecycle asset with a purpose, owner, version, training data,
dependencies, intended-use boundary, validation history, deployment environment, monitoring rules and retirement conditions.
Documentation practices such as model cards can make intended uses, limitations and subgroup performance visible, while dataset
documentation preserves the provenance and constraints of the evidence on which the model depends (Mitchell et al., 2019; Gebru et
al,, 2021). A model registry should connect these records to the production version actually making or informing decisions.

Independent challenge is especially important when model developers, commercial sponsors and users have aligned incentives to
deploy quickly. In April 2026, U.S. banking agencies issued revised interagency model-risk guidance, published by the Federal Reserve
as SR 26-2, superseding SR 11-7 for covered banking organizations and emphasizing a risk-based approach to development, use,
validation, governance and controls (Board of Governors of the Federal Reserve System, 2026). The guidance is sector- and jurisdiction-
specific, but its broader lesson is durable: consequential models need challenge by people with sufficient competence, authority and
independence to identify misuse, hidden assumptions and material limitations.

Operationally, lifecycle governance should support shadow deployment, champion-challenger comparisons, controlled rollout, rollback,
versioned thresholds, incident logging and decommissioning. A model should be retired when its purpose disappears, its performance
or fairness cannot be restored economically, legal or moral constraints change, or a simpler and safer decision process becomes
preferable. Retiring a model is not evidence of analytical failure. It is part of responsible system stewardship when the environment or
decision no longer matches the artifact that was built.

5.16 Cross-Functional Applications of Decision Intelligence

Decision analytics becomes meaningful when embedded in functions, but this chapter does not replace the specialist chapters that
follow. The aim is to show the recurring analytical architecture across domains.

Table 5.7. Cross-functional applications of decision intelligence and chapter hand-offs.

q . 9 il Prescriptive/decision o N
Function Representative decision Predictive input metho. dp / Critical safeguard Specialist chapter

privacy, non-

which customers receive churn probability, thresholding, uplift logic,

Marketing aretention offer? response propensity budget allocation ma'nlpglatlon, causal Chapter 10
validation

Finance how mych liquidity buffer  cash-flow foref:ast, stre.ss.test'mg, d.own51de capacity, model Chapters 9,17, 18

is required? default scenarios optimization risk, governance
. how should scarce demand, failure and lead-  linear/integer safety, service

Operations ) . AR . . . o Chapter 11
capacity be allocated? time forecasts optimization, simulation constraints, resilience
which roles face future workforce demand and scenario planning, rivacy, dignity, lawful

People . . R nario p ne p ¥, dignity Chapters 6-7
skill gaps? attrition estimates training allocation and fair use

Trade YVthh ShleentS require delay or inspection risk rankm_g, routing, due process, corruptlon Chapters 14, 19
intervention? score exception management controls, data quality

Strategy which option remains market- and competitor MCDA, real options, strategic assumptipns Chapter 12
robust across futures? scenarios robustness and moral constraints

Source/Note: Author's synthesis. Specialist chapters develop the substantive functional decisions; this chapter owns the analytical architecture.

5.16.1 Marketing and customer decisions

A retailer can use propensity models to prioritize retention offers, but the highest churn risk is not necessarily the highest incremental
response to an offer. Customers who would leave regardless may be expensive to target, while customers who would stay anyway
generate unnecessary discount cost. This is another prediction-versus-causation distinction: response targeting ideally estimates
incremental treatment effect, not only outcome probability.

5.16.2 Finance and fraud decisions

Fraud analytics ranks transactions by estimated risk. Operational value depends on review capacity, fraud prevalence, transaction value
and false-positive harm. Blocking a genuine high-value cross-border payment can damage a customer even if aggregate fraud losses
decline. Risk thresholds should therefore vary only when there is a defensible reason and should be audited for unintended exclusion.
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5.16.3 Operations and supply chains

Demand forecasts feed inventory and routing models. Chapter 11 develops operations and global supply chains, but the analytical
pattern is visible here: prediction of demand or delay is separate from optimization of stock, capacity or route. Resilience may require
intentionally retaining spare capacity that a narrow cost optimizer would eliminate.

5.16.4 People analytics

Workforce analytics can identify turnover patterns, skills gaps or workload risk. Yet employee data are relational and sensitive. A model
that predicts resignation from communication patterns can create surveillance and trust problems even if prediction is accurate. Some
inferences should not be pursued simply because they can be produced. Human-resource decisions also demand strong contestability
because labels can affect careers and livelihoods.

5.16.5 Trade and cross-border decisions

Cross-border analytics can support customs-risk targeting, corridor delay prediction, landed-cost scenarios and market prioritization.
African firms often face sparse, delayed or institutionally fragmented data, making uncertainty explicit especially important. AfCFTA and
regional integration can expand the decision space, but firms still confront heterogeneous customs implementation, infrastructure and
payment conditions. An integrated continental opportunity should not be modeled as a homogeneous market.

5.17 Artificial Intelligence, Explainability and Responsible Decision Support

Artificial intelligence extends the scale, speed and pattern-recognition capacity of analytics. Machine learning can rank, classify and
forecast; generative Al can synthesize unstructured information and support interaction; agentic systems can increasingly invoke tools
and execute multi-step tasks. These capabilities increase potential productivity and also increase the importance of decision rights
because model outputs can move rapidly from advice into action.

5.17.1 Automation, augmentation and allocation of decision rights

Raisch and Krakowski (2021) describe an automation-augmentation paradox: organizations seek both substitution of human work
and complementarity between humans and Al, yet the two are interdependent. Jarrahi (2018) similarly emphasizes human-Al
symbiosis in organizational decision-making. Shrestha et al. (2019) analyze how Al changes decision structures by redistributing who
or what holds decision authority.

The practical question is not “human or AI?” in the abstract. Decisions can be decomposed. Al may generate options, forecast
consequences, detect anomalies or recommend an action, while humans define objectives, investigate exceptions and approve high-
impact cases. In other settings, routine low-risk decisions can be automated with monitoring and escalation.

HUMAN-AI DECISION-RIGHTS LADDER

1|ASSIST Al retrieves, summarizes
or calculates. Human decides.

2 RECOMMEND Al proposes an action.
Human approves or rejects.

3 |CONDITIONAL AUTOMATE Al acts inside low-risk rules.
Exceptions go to human review.

MORE
AUTOMATION
MORE
HUMAN
ACCOUNTABILITY

4 BOUNDED AUTONOMY Al executes multi-step actions
inside explicit permissions.

5 HUMAN-REQUIRED Some action classes remain
non-automated by design.

Maturity means fitting decision rights to risk, not maximizing automation.

Figure 5.6. Human-Al decision-rights ladder from assistance to bounded automation.
Source: Author's synthesis, drawing on human-Al decision and Al-governance literature.

A useful ladder has five levels. At assist, Al retrieves or summarizes information and the human decides. At recommend, Al proposes
an action with reasons and uncertainty. At conditional automate, the system acts only within defined low-risk thresholds and routes
exceptions to humans. At bounded autonomy, the system executes a sequence of actions within explicit permissions, budgets and
monitoring. At prohibited autonomy, the organization decides that a class of action requires human decision because of legal, safety,
moral or accountability reasons. Not every organization needs every level, and higher automation is not inherently more mature.
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5.17.2 Explainability and interpretability

Interpretability generally refers to the extent to which the model's internal logic can be understood directly. Explainability often
refers to methods that provide reasons or approximations for model outputs, including post-hoc tools. Explanations can help users
diagnose errors and understand influential features, but they can also create a false sense of certainty if a local explanation is treated as
the true causal reason for a black-box output.

For high-stakes decisions, the required level of interpretability should increase with consequence, contestability need and model
uncertainty. Rudin (2019) argues that when interpretable models can perform adequately in high-stakes contexts, they should be
preferred over opaque models paired only with post-hoc explanations. This is a strong position rather than a universal theorem, but it
correctly shifts the burden from “explain anything after the fact” toward designing models and decision systems that affected people can
reasonably challenge.

Explainability must also be evaluated as an intervention on human judgment rather than as a decorative property. In mixed-method
experiments, Bansal et al. (2021) found that explanations did not necessarily improve complementary human-Al team performance and
could increase acceptance of Al advice whether the advice was correct or incorrect. An explanation can therefore increase persuasion
without improving decision quality. The professional objective is calibrated reliance: users should know when the system is likely to
add value, what evidence supports the explanation, and when independent review is required.

5.17.3 Algorithmic bias and fairness

Algorithmic bias can arise from sampling, measurement, labels, proxy variables, historical decisions, missingness, objective functions or
deployment context. It is therefore misleading to speak as though bias is a single defect that can be removed with one metric. A model
trained on unequal historical opportunity can accurately predict those historical outcomes and still reproduce an unjust pattern.

Fairness evaluation should include at least four questions. Are similarly situated cases treated consistently under the chosen criteria?
Are error rates and calibration acceptable across relevant groups? Does the model rely on variables or proxies that are illegitimate for
the decision? Can affected persons understand, challenge and correct consequential errors? Statistical parity alone does not answer all
four.

The mathematical incompatibility of some fairness criteria under differing base rates (Chouldechova, 2017; Kleinberg et al., 2017)
means governance must confront trade-offs openly. It does not justify saying “fairness is subjective, therefore anything goes.”
Organizations still have duties under applicable law, institutional mission and moral principles.

5.17.4 Privacy, security and data minimization

Al systems can encourage excessive data collection because every field appears to be a potential predictive feature. Chapter 4
established data minimization and governance foundations. Chapter 5 adds a decision test: Does the incremental decision value of
this data justify the privacy and power it creates? A location-history variable may improve a risk model marginally while creating
surveillance exposure far beyond the original purpose.

Security must cover models as well as data. Al systems can be exposed to prompt injection, adversarial inputs, model extraction, data
poisoning or unsafe tool execution. Generative systems can hallucinate plausible but false content. Any Al agent allowed to send
payments, change records, execute code or contact customers requires bounded permissions, authentication, logging, transaction limits
and human escalation proportionate to impact.

5.17.5 Accountability and contestability

Responsibility cannot be delegated to a model. Vendors, data scientists, managers and frontline users may each have different roles, but
the organization should identify an accountable owner for the decision system. Affected persons need appropriate contestability when
errors can materially affect credit, employment, access, price, safety or legal position.

An appeal process is not a cosmetic addition. It creates a source of model-quality evidence. Reversed decisions reveal label problems,
data errors and contexts the model did not represent. An organization that suppresses appeals may protect short-term throughput
while destroying the feedback required for improvement.

5.17.6 Al governance frameworks: useful, not self-validating

Al governance operates through overlapping technical standards, voluntary frameworks, organizational controls and binding law.
NIST's Al Risk Management Framework 1.0 organizes practice around Govern, Map, Measure and Manage and remains a widely used
voluntary, rights-preserving and sector-agnostic reference. As of 27 August 2026, NIST states that Al RMF 1.0 is being revised, while its
2024 Generative Al Profile remains an important companion for generative-system risks (Tabassi, 2023; National Institute of Standards
and Technology [NIST], 2024, 2026). Professionals should therefore verify the current version rather than treating a framework citation
as permanent compliance.

ISO/IEC 42001:2023 specifies requirements for establishing, implementing, maintaining and continually improving an artificial-
intelligence management system. The OECD Al Principles, updated in 2024, address human rights, fairness, transparency, robustness,
security and accountability. These instruments can create common governance language, but certification or framework alignment does
not prove that a particular model, objective or deployment is fair, effective or morally legitimate (International Organization for
Standardization [ISO] & International Electrotechnical Commission [IEC], 2023; Organisation for Economic Co-operation and
Development [OECD], 2024).

Binding regulation adds jurisdiction-specific obligations. In the European Union, the Al Act entered into force in 2024 and applies
progressively. From 2 August 2026, the Commission and national authorities began enforcing applicable transparency, prohibited-
practice and general-purpose-Al obligations, while important high-risk-system requirements follow later under the amended
implementation timetable (European Commission, 2026). Firms operating across borders must therefore maintain a jurisdiction-aware
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register of system purpose, provider and deployer roles, risk classification, disclosure duties, documentation and effective dates rather
than assuming one global compliance status.

African governance should not be treated as an afterthought. The African Union's Continental Artificial Intelligence Strategy, endorsed
in 2024, advances an Africa-centered approach that combines development ambitions with ethical, responsible and equitable Al
Rwanda's National Artificial Intelligence Policy similarly links Al adoption to economic and social priorities while emphasizing
responsible and inclusive implementation (African Union, 2024; Ministry of ICT and Innovation [MINICT], 2023). The practical test is
institutional fit: governance should be proportionate to risk, enforceable with available capacity, protective of persons and local
institutions, and compatible with legitimate innovation.

These frameworks are useful but not morally self-authenticating. Harmonization can reduce transaction costs, support interoperability
and simplify assurance, yet it can also centralize standard-setting power or impose burdens that smaller firms and lower-capacity
jurisdictions cannot absorb equally. Responsible managers should examine effectiveness, sovereignty, subsidiarity, contestability,
cultural and institutional fit, concentration of data and authority, and distributional consequences. Governance is demonstrated through
actual decision rights, evidence, controls and redress, not through logos, certifications or policy vocabulary.

Table 5.8. Minimum professional evidence for Al decision-system governance.

Governance question Minimum professional evidence

Why is Al being used? documented decision purpose and comparison with non-Al alternatives
What data and labels shape the model? provenance, quality, representativeness, lawful purpose and limitations
How well does it work? out-of-sample performance, calibration, uncertainty and subgroup analysis
What happens when it is wrong? error-cost analysis, fail-safe behavior, appeal and escalation

Who can override it? explicit decision rights, thresholds and audit logging

Can affected people challenge it? proportionate notice, explanation and correction process

How is drift detected? data/model/business monitoring and review cadence

Who is accountable? named owner, governance body and incident process

When should it be stopped? predefined suspension/decommission triggers

Source/Note: Author's synthesis drawing on NIST, ISO/IEC, OECD, African Union and model-governance literature.

5.17.7 Generative Al and decision support

Generative Al changes the interface to analytics because managers can ask natural-language questions of documents, databases and
models. This can improve accessibility but creates new failure modes. A fluent answer can conceal an unsupported calculation,
fabricated source or stale data. Retrieval-augmented systems can reduce but not eliminate these risks. Tool-using agents can execute
actions based on misunderstood instructions or adversarial content.

High-quality use therefore separates generation from verification. Generative Al can draft hypotheses, summarize evidence, explain
model outputs or propose scenarios. Consequential factual claims should be checked against traceable sources and calculations. Actions
should be constrained by role-based permissions. The system should disclose uncertainty where appropriate, and humans should
remain responsible for approvals in high-impact contexts.

Stanford HAI's 2026 report indicates widespread organizational Al use while responsible-Al processes are still maturing (Stanford HAI,
2026). This gap reinforces a central chapter principle: the capacity to deploy analytics faster than governance is not evidence of decision
intelligence. It is a risk condition.

POLICY LENS | Governance frameworks are floors for inquiry, not substitutes for judgment

Standards can improve consistency, documentation and accountability. They cannot decide every legitimate purpose, every acceptable fairness trade-
off or every culturally appropriate boundary. Firms operating across African and global jurisdictions should comply with applicable law while also
asking whether the decision remains truthful, proportionate, contestable and consistent with human dignity.

5.18 African Case: M-Shwari as a Decision System, Not Merely a Digital Product

The opening case introduced M-Shwari to distinguish a score from a decision. This section returns to the case to examine the complete
analytical system. The purpose is not to audit proprietary models whose full design is not publicly available. It is to show how a manager
should reason from the evidence that is publicly supportable.

5.18.1 The decision problem

Digital lending addresses a genuine economic problem. Small short-term loans are expensive to underwrite through branch-based
processes because fixed verification and transaction costs are large relative to loan size. Mobile platforms can reduce those costs and
create behavioral data that help estimate risk. This can widen access for customers without conventional collateral or lengthy banking
histories.

M-Shwari linked mobile infrastructure to savings and credit. Suri et al. (2021) exploit a credit-score eligibility cutoff in a fuzzy
regression-discontinuity design, comparing customers close to the eligibility threshold. The study reports high take-up among eligible
customers and improved household resilience to shocks. This is stronger evidence than simply observing that borrowers who received
loans later performed better, because the design constructs a credible local counterfactual around the threshold. The causal estimate
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still has scope conditions. It identifies the effect of access for customers near the relevant cutoff in the studied period, not the welfare
effect of every digital loan, every pricing structure or every possible borrower.

5.18.2 From eligibility probability to approval policy

Imagine the model estimates default probability p for each eligible applicant. The lender still requires a decision policy. A simple
expected financial value could be represented as:

Expected value of loan = (1-p) x net return if repaid - p x loss given default - operating and capital costs.

This equation can help identify commercially viable thresholds, but a complete policy requires more. Loan size affects the borrower's
repayment burden and the lender's loss. Pricing affects both revenue and default probability. Repeated borrowing changes exposure.
Customers may face correlated income shocks. Aggressive collection can transfer the lender's risk to borrowers through social or
psychological harm. A responsible policy therefore cannot optimize a static default threshold in isolation.

5.18.3 Thin files, digital visibility and exclusion

FinAccess 2024 shows Kenya's high formal inclusion alongside persistent exclusion. This creates a recurring modeling problem.
Individuals with rich mobile histories may be easier to score, while those with fewer digital traces may receive more uncertain
estimates or no offer. The model's uncertainty is not necessarily the customer's risk. Treating “unscorable” as “unsafe” can
institutionalize a data-access inequality.

Possible responses include conservative small limits that grow with observed repayment, alternative verified data, human review for
edge cases, or product structures that reduce downside without demanding invasive data. The correct design depends on law,
economics and customer context. The key analytical principle is to distinguish epistemic uncertainty about the customer from
evidence of customer risk.

5.18.4 Regulatory controls as decision constraints

The 2022 Digital Credit Providers Regulations require, among other matters, governance, transparent terms, complaint handling, data
protection, secure systems and restrictions on abusive collections for licensed providers within their scope. These are not mere external
costs to be added after optimization. They shape the feasible decision set. A model that raises profit only by using data that the provider
should not collect is not an optimal compliant model. A collection strategy that raises repayment through harassment is not a legitimate
trade-off.

The distinction is important in cross-border fintech. A scoring variable lawful in one jurisdiction may face restrictions in another.
Consent standards, credit-reporting rules and data-transfer requirements vary. A multinational analytics team therefore needs a
jurisdiction-aware feature and decision registry, not one universal model blindly deployed across countries.

5.18.5 Model governance questions the board should ask

For a digital-credit decision system, board and senior-management oversight should ask: What outcome is the model predicting, over
what horizon? How were customers without outcomes handled? Which variables contribute most to decisions, and are any proxies
ethically or legally problematic? How is calibration monitored during macroeconomic stress? What is the false-rejection rate among
thin-file customers? How are pricing and loan-size rules stress tested for affordability? What triggers manual review? How can
customers challenge incorrect data? What evidence would cause the organization to suspend the model?

These questions demonstrate why decision intelligence is broader than data science. They connect predictive performance to product
economics, customer welfare, regulation, governance and moral accountability.

AFRICAN CONTEXT | The analytical opportunity is not to imitate every imported scoring model

African digital-finance systems have generated globally significant innovation precisely because firms adapted to local payment infrastructure,
identity systems, agent networks and customer needs. The next step is not uncritical imitation of global Al practices. It is context-sensitive analytical
capability: locally valid data, transparent product logic, proportional governance, interoperable systems where beneficial, and safeguards against
using data concentration to exploit customers with few alternatives.

5.19 Comparative Global Case: Zillow Offers and the Cost of Scaling Forecast Error

Zillow Offers provides a different decision lesson. The problem was not a consumer credit threshold but an asset-intensive operating
model in which forecasts of home value were converted into purchases, renovation commitments and inventory exposure.

5.19.1 The business architecture

Zillow Offers purchased homes directly, renovated them and sought to resell them. The system depended on valuation models, local
market knowledge, renovation estimates, expected time to sale, financing, labor and supply-chain capacity. Each home purchase
converted a forecast into a balance-sheet position. Error therefore had asymmetric consequences: buying too high or selling too slowly
tied up capital and exposed the company to falling net realizable value.

In November 2021, Zillow announced that it would wind down Zillow Offers. CEO Rich Barton stated that the unpredictability of
forecasting home prices had exceeded what the company had anticipated and that continuing to scale the operation would create
excessive earnings and balance-sheet volatility (Zillow Group, 2021). Zillow's 2021 Form 10-K later reported an inventory write-down
of US$407.9 million associated with homes purchased at prices above the company's then-current estimates of future selling prices after
selling costs. The filing also cited home-pricing unpredictability, capacity constraints and operational challenges in an environment
affected by the pandemic, labor constraints and supply-chain difficulties (Zillow Group, 2022).
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5.19.2 The model-risk lesson

The simplified post-mortem “the algorithm failed” is incomplete. Zillow's filing itself describes a socio-technical system: valuation
models, in-person evaluations, renovation operations, market volatility, inventory financing and resale capacity. A forecasting error
became expensive because the business model scaled the exposure and because execution capacity constrained how quickly inventory
could be processed.

This illustrates model-risk amplification. If a forecast is used only to prioritize analyst attention, a 5% error may be manageable. If the
same forecast automatically commits large amounts of capital, the same error distribution can become existential. Decision governance
should therefore scale with the action leverage attached to a prediction.

5.19.3 Regime change and validation limits

Out-of-sample validation assumes that the future is sufficiently related to the past for historical error to be informative. Housing
markets during a pandemic-era environment experienced unusual combinations of price movements, migration patterns, low interest
rates, supply constraints and later normalization. Even a model that performed well historically could face distribution shift.

This does not mean forecasting is futile. It means scaling should be conditional on live error monitoring, stress tests and operational
capacity. A prudent architecture might limit inventory exposure by market, cap purchases when forecast residuals widen, require
stronger margins of safety in volatile locations, and preserve exit pathways. These are decision controls around the model.

5.19.4 Capacity is a model variable even when it sits outside the prediction model

A home-price prediction can be accurate and still lead to loss if renovation or resale takes longer than expected. Capacity constraints
create holding costs and expose inventory to additional market time. The end-to-end decision model should therefore connect valuation
uncertainty to process capacity, financing cost and time-to-sale. The best price predictor is not automatically the best acquisition
system.

5.19.5 Organizational learning from model failure

Zillow's decision to wind down the business rather than continue scaling can be read as a real-options exercise after adverse learning.
The organization updated its assessment of model predictability and business stability and stopped committing additional capital. The
lesson for managers is not “never use Al to price assets.” It is to structure scaling so that evidence can trigger reversal before losses
compound beyond risk capacity.

Table 5.9. Comparative decision-system lessons from M-Shwari and Zillow Offers.

Primary prediction repayment/default risk future resale value and related economics
Decision action eligibility, limit, price, review purchase, renovate, hold, resell

denying or burdening a customer who would repay,

Key false-positive harm depending on rule

buying an asset at an uneconomic price

approving credit that defaults and may harm

Key false-negative harm missing profitable acquisition opportunities

borrower/lender
. . ) . renovation capacity, labor, financing, inventor
Important non-model constraint consumer protection, privacy, affordability, recourse exposure pacity, ! s y
A - . L forecast error can be amplified by scale and balance-
Main governance insight accuracy does not settle fairness or legitimacy
sheet leverage

Learnine desien monitor calibration, customer outcomes, complaints monitor residuals, inventory margin, capacity and

& g and subgroup errors regime change

Source/Note: Author's synthesis from Suri et al. (2021), Safaricom PLC (2021), Zillow Group (2021, 2022) and surrounding analysis.

5.20 Faith, Ethics and Moral Reasoning

Analytics is often presented as morally neutral because numbers do not possess intentions. Yet people choose what to measure, whom
to include, which errors matter, what to optimize, how much surveillance to permit, what risks to transfer, and whether an affected
person can appeal. The moral problem therefore lies not in mathematics as such but in the human purposes and institutions through
which analytical power is exercised.

Christian moral reasoning begins with the person, not the score. Human beings possess dignity that is not created by profitability,
productivity, creditworthiness or data visibility. The biblical command to use honest weights and measures (Proverbs 11:1) speaks
directly to quantitative integrity: a model should not be manipulated to manufacture a preferred result. The call to examine matters
carefully (1_Thessalonians 5:21) supports disciplined testing rather than credulity toward either technology or intuition. The
requirement of faithfulness in stewardship (1 Corinthians 4:2) places responsibility on those entrusted with data, authority and capital.
The principle of personal accountability (Romans 14:12) undermines the excuse that “the algorithm made the decision.”

5.20.1 Truthfulness and analytical honesty

A Christian approach to analytics rejects deception in the model as well as in the presentation. Cherry-picking a validation period, hiding
a weak subgroup result, relabeling an exploratory finding as confirmatory, tuning a threshold to meet a political target, or presenting a
forecast without its uncertainty can all make a technically sophisticated report untruthful.
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Truthfulness also requires proportional language. A model with 78% accuracy should not be called “highly reliable” without context. A
0.73 probability is not certainty. An association is not a causal effect. A scenario is not a forecast. Statistical humility is not weakness; it
is a moral and epistemic discipline against claiming more knowledge than one possesses.

5.20.2 Human dignity versus reduction to a score

Models necessarily reduce complex persons or organizations to measured features. That reduction can be useful for a defined decision,
but it becomes dangerous when the representation is treated as the person. A borrower with a high predicted default probability is not
morally equivalent to “a bad borrower.” An employee with elevated attrition risk is not disloyal. A low-income neighborhood with
sparse transaction records is not inherently unprofitable.

Respect for dignity requires limits on inference. Some decisions should include meaningful human review because context matters.
Some data should not be collected because the privacy intrusion is disproportionate. Some automated labels should expire rather than
follow a person indefinitely. In consequential settings, persons should have reasonable pathways to correct material errors.

5.20.3 Stewardship, efficiency and the limits of optimization

Stewardship supports efficient use of scarce resources. Waste is not a virtue. Optimization can help firms reduce spoilage, improve
logistics, allocate scarce capital and serve more customers. Yet efficiency is subordinate to legitimate purpose. An optimizer answers the
objective it is given. If the objective excludes worker safety or supplier justice, the solution can be economically efficient and morally
disordered.

The moral discipline is to ask three questions before optimization. What good is the objective intended to serve? Which means are
morally prohibited even if profitable? Who bears risks and costs that the objective does not price? These questions prevent
stewardship from being reduced to extraction.

5.20.4 Justice and the distribution of error

Every imperfect classifier distributes error. Justice asks who bears it. In credit, false rejection denies opportunity; false approval can
expose a household to unaffordable debt. In fraud, false positives can block legitimate commerce; false negatives shift loss to firms or
customers. In hiring, false negatives can exclude qualified applicants; false positives can impose organizational cost and later
disappointment.

A Christian concern for neighbor-love (Philippians 2:4) does not require identical outcomes in every decision. It requires refusing to
treat another person's foreseeable harm as irrelevant merely because it falls outside the firm's accounting boundary. Justice also
demands procedural fairness: clear criteria, non-arbitrary treatment, correction of error and accountability for misuse of power.

5.20.5 Conscience, agency and automated systems

Automation can weaken moral agency when employees are told to execute system outputs without question. A responsible organization
should protect professional conscience in high-stakes decisions by defining legitimate override and escalation channels. This does not
mean every user can ignore the system whenever they disagree. Overrides require reasons and auditability. The goal is accountable
agency, not discretionary chaos.

The Christian view is particularly resistant to moral outsourcing. Tools can inform judgment but cannot bear guilt, exercise repentance
or love a neighbor. Persons and institutions remain accountable for the foreseeable design and use of tools.

5.20.6 Alternative ethical perspectives

Serious ethical analysis should engage alternative frameworks fairly. A consequentialist approach evaluates actions by outcomes and
can support expected-welfare or harm-minimization models. Its strength is attention to consequences; its weakness is that aggregate
benefit can justify severe burdens on minorities unless side constraints are added. A deontological or rights-based approach
emphasizes duties and protections that should not be violated for aggregate gain, supporting privacy, due process and non-
discrimination. Its challenge is resolving conflicts among rights and duties.

Virtue ethics asks what character and practical wisdom a good decision maker should display, highlighting honesty, prudence, justice
and courage. Care ethics emphasizes relationships, vulnerability and dependence, useful where automated systems affect people who
cannot bargain on equal terms. Stakeholder approaches broaden attention beyond shareholders but still require a principled way to
resolve competing stakeholder claims. Christian ethics overlaps with several of these concerns while grounding dignity, stewardship,
truth and neighbor-love in a theological account of persons and accountability before God.

The purpose of comparison is not to blur differences. It is to clarify what each framework sees and what it may miss. An analytics
decision is strongest when factual claims are empirically defensible and moral judgments are explicit about the principles they invoke.

5.20.7 Moral red lines in analytics

Some practices should be represented as red lines rather than tradeable scores: fabrication or deliberate distortion of evidence; bribery
embedded in optimization assumptions; systems designed to facilitate unlawful discrimination; deliberate collection of data through
deception; abusive debt collection; knowingly unsafe autonomous operation; and retaliation against professionals who raise good-faith
evidence of serious harm. Legal details vary by jurisdiction, but moral integrity requires more than finding the maximum behavior not
yet prohibited by law.

FAITH AND VOCATION | Analytical excellence as faithful stewardship

The Christian analyst should neither fear mathematics nor worship it. Technical excellence is a form of service when it clarifies reality, protects scarce
resources and improves decisions. Humility is equally essential because every model is partial. Faithful professional practice means telling the truth
about what the model knows, refusing manipulation, protecting persons from foreseeable misuse, and accepting responsibility for the decisions made
with analytical power.
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5.21 The DECIDE Professional Decision-Intelligence Protocol

The following protocol converts the chapter into a reusable professional practice. DECIDE is not a new theory that replaces decision
analysis or machine learning. It is an editorial synthesis designed to ensure that technical analysis remains connected to accountable
choice.

THE DECIDE PROFESSIONAL DECISION-INTELLIGENCE PROTOCOL

DEFINE ESTABLISH CREATE INTEGRATE DIAGNOSE EXECUTE + EVALUATE
decision | owner objectives | criteria alternatives | evidence prediction | MCDA bias | fragility guardrails | monitor
horizon | rights constraints | red lines information value optimization | simulation fairness | ethics review | learn

LEARNING LOOP: outcomes update evidence, thre ) rnatives and sometimes the decision frame itself.

The protocol makes analytical judgment explicit without pretending that models remove human accountability.

Figure 5.7. The DECIDE protocol for analytically supported managerial judgment.
Source: Author's synthesis.

5.21.1 D - Define the decision
State the decision, owner, deadline, horizon, reversibility and decision rights. Separate the practical decision from the analytical

question. Identify who will be affected and which constraints are non-negotiable. If the project cannot state the decision in one
disciplined sentence, modeling is premature.

5.21.2 E - Establish objectives, criteria and ethical boundaries

Define fundamental objectives before means. Convert objectives into measurable criteria where appropriate, but retain qualitative
judgment for dimensions that cannot be represented faithfully by a proxy. Distinguish hard constraints from preferences. Record moral
and legal red lines before results are known.

5.21.3 C - Create alternatives and credible evidence

Generate a real option set, including staged and reversible alternatives. Gather evidence that can discriminate among them. Use Chapter
3 for design quality and Chapter 4 for statistical evidence. Do not collect data merely because they are available. Focus on uncertainties
with decision value.

5.21.4 1 - Integrate predictions, models and trade-offs

Select models that fit the decision. Validate predictions out of sample, examine calibration and subgroup performance, and prevent
leakage. Use MCDA for transparent value trade-offs, decision trees for sequential uncertainty, optimization for constrained allocation,
and simulation for complex uncertainty. Test sensitivity to assumptions.

5.21.5 D - Diagnose risk, bias and decision fragility

Ask what could make the decision wrong. Examine cognitive bias, model error, distribution shift, tail risk, operational constraints, data
limitations and incentive effects. Conduct stress and reverse stress tests. Identify whether the recommendation changes under
reasonable alternative weights, thresholds or scenarios.

5.21.6 E - Execute, evaluate and learn
Translate the recommendation into accountable action. Define triggers, guardrails, overrides, monitoring and escalation. Record
expected outcomes and review dates. Compare later outcomes with prior expectations without hindsight bias. Retrain, recalibrate,
redesign or retire models when evidence changes.

Table 5.10. DECIDE protocol artifacts and quality questions.

DECIDE stage Required artifact Quality question

Define Decision Charter Is the actual choice explicit, owned and bounded?

Establish Objective-constraint map Are ends, measures, rights and red lines separated?

Have serious alternatives and material uncertainties

Create Alternative and evidence register :
been examined?
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DECIDE stage Required artifact Quality question

Integrate Model and trade-off pack Do models fit the use case and show uncertainty?

Diagnose Sensitivity, risk and ethics review What assumptions, biases or harms could reverse the
recommendation?

Execute/Evaluate Action, monitoring and learning plan Who acts, who can stop it, what is monitored, and

when is it reviewed?

Source/Note: Author's synthesis.

5.21.7 The decision memo

A final decision memo should be shorter than the analysis behind it but should never hide material uncertainty. A strong structure is:
decision required; recommendation; reasons; alternatives considered; expected benefits; principal risks; critical assumptions;
sensitivity or scenario findings; ethical and legal constraints; implementation owner; trigger thresholds; and review date. Append
detailed model documentation rather than compressing technical nuance into unreadable slides.

5.22 Common Misconceptions, Analytical Errors and Professional Pitfalls

Several analytical myths arise from confusing technical sophistication with decision quality. More data do not automatically produce a
better decision when the additional records are irrelevant, biased, stale, duplicative or disproportionately invasive. The most accurate
model is likewise not automatically the most deployable model. Calibration, robustness, interpretability, latency, operating cost,
maintainability, subgroup performance and the consequences of error may justify a simpler alternative. A proprietary model is not
exempt from governance either: vendors may protect intellectual property, but the user organization still needs enough evidence about
intended use, validation, limitations, data practices, controls, incidents and change management to remain accountable for the decision
system.

A second family of errors treats mathematical defaults as neutral facts. A 0.50 probability threshold is only a cutoff; it does not encode
the organization's true cost of false positives and false negatives, review capacity, risk tolerance or fairness obligations. Optimization
does not discover the correct objective, and a Pareto-efficient result is not automatically just. Similarly, scenarios are not forecasts and
simulation does not remove uncertainty. Scenarios test coherent conditional futures; simulation propagates specified assumptions. Both
become misleading when uncertain inputs, dependencies and model boundaries are presented with more precision than the evidence
supports.

A third family concerns automation and fairness. Al can reduce some inconsistencies while reproducing or scaling others through
historical labels, proxy variables, objective functions and deployment practices. Human oversight is meaningful only when the reviewer
has time, competence, relevant information, authority to disagree and a documented escalation path; a required click is not
accountability. Fairness cannot be reduced to one mathematical metric because error-rate, calibration, equal-treatment and rights-
based criteria can conflict. The organization must justify which conception fits the decision, examine who bears mistakes, and provide
proportionate correction and appeal.

Finally, decision quality should not be inferred from outcome alone. Luck can reward a poor process and adverse events can follow a
prudent choice. The professional standard is to evaluate the ex ante reasoning and governance, then use ex post results to update
models, thresholds and assumptions. This distinction protects learning from both hindsight bias and self-exculpation: a good process is
not immune from revision, and a successful outcome does not excuse weak evidence or irresponsible risk-taking.

5.23 Chapter Synthesis and Hand-Off to Chapter 6

Chapter 4 ended with statistical evidence. Chapter 5 has shown how evidence becomes action only through a decision architecture.
Good decision intelligence begins with a clearly framed decision, not a model. It distinguishes objectives from means, constraints from
preferences, prediction from causation, and technical efficiency from moral legitimacy. It uses decision matrices and MCDA to expose
trade-offs, decision trees to structure sequential uncertainty, classification metrics to reveal the costs of error, clustering to discover
patterns without pretending they are natural categories, forecasts and scenarios to prepare for alternative futures, optimization to
allocate scarce resources, simulation to explore system uncertainty, and Bl systems to monitor what happens after action.

The most important conclusion is that no analytical method abolishes judgment. Every model depends on a target, boundary, data-
generating process and use context. Thresholds allocate error. Optimization embeds objectives. Al redistributes decision rights. These
choices remain the responsibility of persons and institutions. Christian moral reasoning therefore fits inside the technical discipline
rather than outside it: truthful measures, stewardship of scarce resources, respect for dignity, justice in the distribution of error,
accountability for foreseeable consequences and moral limits on optimization are all decision-design questions.

The hand-off to Chapter 6 is deliberate. Analytics can tell a manager that a decision is fragile, that a team is overriding a model
inconsistently or that a project should be stopped. It cannot make the manager courageous enough to act, humble enough to revise a
prior belief, trustworthy enough to invite dissent, or wise enough to exercise authority for service rather than self-protection. Chapter 6,
Character, Leadership, Teams and Organizational Behaviour: Leading Self, Serving Others and Building Effective
Organizations, develops the human and organizational capacities required to exercise the judgment that Chapter 5 has made
analytically explicit.

Key Terms

Algorithm aversion: reluctance to use an algorithm after observing it make mistakes, even when its comparative performance remains
strong.
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Algorithmic bias: systematic error or disadvantage arising through data, labels, modeling, objectives or deployment that affects
outcomes in a consequential way.

Calibration: correspondence between predicted probabilities and observed outcome frequencies in relevant data.
Classification: supervised prediction of categorical outcomes or their probabilities.

Clustering: unsupervised grouping of observations according to a defined measure of similarity.

Concept drift: change over time in the relationship between model inputs and the target outcome.

Confusion matrix: table of true positives, false positives, false negatives and true negatives for a binary classifier.
Constraint: requirement that limits the feasible set of a decision.

Decision intelligence: integrative practice connecting evidence, models, decision architecture, human judgment, governance,
implementation and learning.

Decision right: defined authority to recommend, approve, execute, override, escalate or review a decision.
Decision tree: graphical representation of sequential choices, uncertain events and consequences.
Expected monetary value (EMV): probability-weighted average of monetary outcomes under a specified decision model.

Expected value of perfect information (EVPI): maximum expected improvement from learning the uncertain state perfectly before
deciding, under the model.

Feature: input variable used by a predictive model.

Forecast: model-based estimate or distribution of future values conditional on information and assumptions.

F1 score: harmonic mean of precision and recall.

Model drift: deterioration or change in model performance as the deployment environment changes.

Monte Carlo simulation: repeated random sampling from specified input distributions to estimate an output distribution.
Multi-criteria decision analysis (MCDA): family of methods for structuring choices involving multiple, often conflicting criteria.
Optimization: selection of the best feasible decision according to a specified objective and constraints.

Overfitting: learning idiosyncratic noise in training data that fails to generalize.

Pareto efficient: condition in which no objective can be improved without worsening at least one other objective.
Precision: proportion of predicted positive cases that are actually positive.

Recall: proportion of actual positive cases correctly identified.

Robust decision: decision designed to perform acceptably across a range of plausible futures or assumptions.

Scenario: coherent conditional description of a possible future used to test decisions, not necessarily assigned a probability.
Shadow price: local marginal value of relaxing a binding optimization constraint by one unit.

Stress test: analysis of performance under severe but plausible adverse conditions.

Threshold: cutoff that converts a score or probability into an operational action.

Value of information: expected decision improvement attributable to obtaining additional information before acting.

Uplift modeling: estimation of the incremental effect of an action or treatment on an outcome, rather than prediction of the outcome
alone.

Multi-armed bandit: adaptive decision method that balances exploitation of currently preferred actions with exploration of
alternatives to learn their value.

Model risk: the possibility of adverse consequences from decisions based on incorrect, unstable or misused model outputs.
Model card: structured documentation of a model's intended use, evaluation, limitations and relevant subgroup performance.
Decision noise: unwanted variability among judgments that should be materially similar, distinct from systematic directional bias.

Concept-Check Questions

1. What distinguishes statistical evidence from a managerial decision?

2. Define decision intelligence as the term is used in this chapter. Why is it not treated as a single settled theory?

3. What is the difference between a decision objective, a decision criterion and a constraint?

4. Why can a weighted MCDA score be misleading if a safety requirement is modeled as a low-weight criterion rather than a constraint?
5. Explain expected monetary value and identify one condition under which it is an inadequate decision rule.

6. What is the difference between expected value of perfect information and expected value of sample information?

7. How do bounded rationality and ecological rationality qualify a simplistic view that complex optimization is always superior to
heuristics?

8. Distinguish overfitting, data leakage, data drift and concept drift.

9. Why can a classifier with 92% accuracy still be poor for a business decision?
10. Distinguish precision, recall, specificity and calibration.

11. Why does clustering not automatically discover “real” market segments?

12. What is the difference between a forecast, sensitivity analysis and a scenario?
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13. In an optimization model, what do the objective function, decision variables, constraints and shadow prices represent?

14. Why does Monte Carlo simulation not create knowledge that is absent from its input assumptions?

15. Distinguish risk capacity, risk appetite and risk tolerance.

16. Why should a Bl dashboard contain decision ownership and thresholds rather than merely more metrics?

17. What is the difference between interpretability and post-hoc explainability?

18. Why can two fairness criteria conflict mathematically even when both seem reasonable?

19. What makes human oversight meaningful rather than ceremonial?

20. Name the six stages of the DECIDE protocol and explain how they create a learning loop.

22. What evidence and controls should exist before a model moves from validation into monitored production use, and what conditions

can justify retirement?

21. Why can a high-risk customer be the wrong target for a retention or assistance intervention? Distinguish outcome prediction from
treatment-effect estimation.

Higher-Order Analytical and Critical-Thinking Questions

1. A company has two credit models. Model A has AUC 0.86 and is highly interpretable; Model B has AUC 0.89 but depends on hundreds
of behavioral variables and a proprietary vendor pipeline. Develop a defensible model-selection argument for a high-stakes lending
context. Your answer should not assume that either AUC or interpretability automatically dominates.

N

. Explain why a mathematically Pareto-efficient supply-chain configuration could still be unjust. Identify at least two types of moral
claim that should be represented as constraints rather than compensatory objectives.

3. A management team says that “humans are biased, therefore we should automate the decision.” Critique the logic and design a
comparative evaluation that could determine where automation, augmentation or human judgment is appropriate.

4. Under what conditions would you prefer minimax regret to expected monetary value? Use a cross-border investment or trade
example to illustrate your reasoning.

5. A forecast model outperforms a benchmark on average but performs worse during peak-demand weeks. Explain how you would
decide whether to deploy it.

6. A segmentation model creates four statistically stable customer clusters, but managers cannot define a different action for any of
them. Should the model be retained? Defend your answer.

7. A government agency proposes to harmonize Al-risk scoring across several African jurisdictions to reduce compliance cost. Develop
an analytical framework that evaluates efficiency, sovereignty, local capacity, fairness, interoperability and accountability without
assuming harmonization is either inherently good or inherently harmful.

8. Compare the M-Shwari and Zillow Offers cases. How did action leverage, reversibility and the distribution of error change the
governance requirements around prediction?

e}

. Why might a well-calibrated model still be morally inappropriate for a decision? Give an example in which the problem lies in the
target, feature, or decision purpose rather than predictive accuracy.

10. Explain how a Christian understanding of stewardship can support optimization while simultaneously placing limits on what may
be optimized.

Applied Case: KivuFresh Foods and the East African Cold-Chain Decision

KivuFresh Foods is a fictional teaching case. All figures below are synthetic and are provided for analysis rather than as claims about a real
company.

KivuFresh Foods is a Kigali-based processor of premium fruit products that has built a stable domestic customer base and small
distributor relationships in neighboring markets. Management is considering a larger 2027 expansion into a regional supermarket
network. The opportunity is commercially attractive because buyer interviews indicate demand for reliable year-round supply, but the
firm's current cold-chain system is near capacity during peak months. The board has authorized a maximum incremental capital
commitment of US$420,000 and wants a decision before supplier contracts are renewed.

The commercial team proposes three alternatives. Option A uses a regional third-party distributor with broad coverage and no major
fixed investment, but the partner charges high fees and provides only weekly inventory visibility. Option B establishes a leased cross-
dock facility near the target market and combines it with contracted refrigerated transport. It requires moderate fixed commitment but
improves service visibility. Option C builds a company-operated cold room and fleet hub, offering the greatest control but consuming
nearly the full capital authorization and creating higher irreversible exposure.

Forecasts are uncertain. Under the current base model, annual incremental demand is estimated at 1,200 tonnes, with an 80%
prediction interval of 850-1,600 tonnes. A downside scenario combines a 12% depreciation of the Rwandan franc against invoicing
currency, a two-week border disruption during the peak season and demand 25% below the point forecast. An upside scenario assumes
faster supermarket rollout and stable border processing. The operations team warns that spoilage accelerates nonlinearly when dwell
time exceeds cold-storage capacity. Finance notes that the company can survive the downside under Options A or B but would breach its
internal liquidity buffer under Option C unless the expansion is debt-financed.
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The preliminary decision matrix is shown below. Scores are 1-5, where 5 is best. All three options have passed basic legal
prequalification, but the sustainability and worker-safety review of one transport subcontractor under Option A is incomplete.

Table 5.11. KivuFresh preliminary multi-criteria decision matrix.

0.30 3 4 5

Five-year economic value

Service reliability 0.20 3 5 5
Capital flexibility / reversibility 0.15 5 4 1
Supply-chain visibility 0.10 2 4 5
dR;s:llllsggiunder border 015 3 4 4
Local capability development 0.10 2 4 5

Source/Note: Fictional teaching case; all scores and weights are synthetic.

The data-science team also presents a delay classifier trained on the firm's historical shipments. It reports an AUC of 0.84 and flags
shipments with predicted probability of a delay above five days. Validation data contain 600 shipments: 90 experienced the defined
delay. At the proposed threshold, 70 delayed shipments were flagged, 50 on-time shipments were also flagged, 20 delayed shipments
were missed, and 460 on-time shipments were correctly left unflagged. The proposed response is to expedite every flagged shipment at
an incremental cost of US$320. A delay that is not expedited is estimated to create an average expected commercial loss of US$1,500,
although this estimate is highly skewed because a few major supermarket stockouts are much more costly.

A generative-Al assistant integrated into the logistics platform can summarize customs documents and recommend exception actions.
The vendor proposes enabling autonomous booking changes up to US$2,000 per shipment. Internal testing has found occasional
confident misinterpretations of scanned documents, particularly when image quality is low. The vendor argues that human review
would remove most of the productivity benefit.

Applied Questions
1. Rewrite the board's problem as a precise Decision Charter, including decision owner, horizon, alternatives, constraints, key
uncertainties and review trigger.

2. Calculate the weighted score for Options A, B and C. Then identify at least three reasons why the ranking should not be accepted
without sensitivity analysis.

3. Which criteria, if any, should be moved from the weighted score into hard constraints? Justify your answer.

4. Design a sensitivity analysis for the capital-flexibility and economic-value weights. What change would make the preferred option
fragile?

5. Using the classifier counts, calculate accuracy, precision, recall and specificity. Evaluate whether AUC alone is sufficient for the
expedite decision.

6. Compare the expected cost of a false negative with the US$320 expedite cost. What additional information do you need before
selecting the threshold?

7. Explain why the average US$1,500 delay loss may be a poor input if the loss distribution has a severe right tail. Propose a more
appropriate simulation or stress-test design.

8. Should the company enable autonomous Al booking changes up to US$2,000? Design a graduated human-Al decision-rights policy
rather than answering only yes or no.

9. How should the incomplete worker-safety evidence under Option A affect the decision? Explain whether it is a score, uncertainty,
constraint or due-diligence gate.

10. Recommend one option and defend it with explicit assumptions, downside safeguards, learning triggers and moral reasoning. Your
answer should state what evidence could change your recommendation.

Ethical and Faith-Informed Dilemma: The Supplier-Risk Model

A multinational buyer develops an Al supplier-risk model to predict late delivery, contract failure and compliance incidents. The model
performs well overall and improves working-capital planning. During deployment in East Africa, analysts discover that small local
suppliers receive systematically higher risk scores than large multinational vendors. Further review shows three reasons: local
suppliers have shorter digital histories, some compliance records remain offline, and past late-payment disputes with buyers have been
coded as supplier “instability” even when the buyer contributed to the delay.

Procurement leadership proposes an automated rule: suppliers above the 0.70 risk threshold will be excluded from tenders for one
year. The rule is expected to reduce procurement disruption by 8%, and the company argues that all suppliers face the same numerical
threshold. Local managers object that the system may convert data scarcity and unequal documentation into exclusion, weakening
precisely the supplier capability the company publicly says it wants to develop. Compliance counsel confirms that the proposed system
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can be structured to meet current formal procurement rules in the relevant jurisdictions, but legal compliance does not resolve whether
the decision is fair or prudent.

Analyze the dilemma from five perspectives: predictive validity, procedural fairness, distributive consequences, Christian moral
reasoning and organizational learning. Explain whether a single threshold is substantively fair merely because it is formally equal.
Design an alternative decision process that preserves supply-chain risk control while providing proportional review, data correction
and capability-building pathways. Identify at least two non-negotiable moral constraints and two empirical questions that would need
evidence before implementation.

Data and Evidence Exercise: From Prediction to Decision Threshold

The following dataset is synthetic. A regional wholesaler uses a model to predict whether B2B customers will pay an invoice more than
30 days late. For 20 validation customers, the model probability and observed outcome are shown below. ‘Late = 1° means the invoice
was more than 30 days late.

Table 5.12. Synthetic validation data for the late-payment threshold exercise.

Cco1 0.91 1
co2 0.84 1
Co03 0.78 0
C04 0.73 1
Co5 0.69 1
C06 0.63 0
Cco7 0.58 1
Cc08 0.54 0
Cc09 0.49 0
C10 0.46 1
C11 0.41 0
C12 0.37 0
C13 0.33 1
C14 0.29 0
C15 0.24 0
Cl6 0.20 0
C17 0.16 0
C18 0.12 0
C19 0.08 0
C20 0.04 0

Source/Note: Synthetic teaching data; Late = 1 denotes payment more than 30 days after the invoice due date.

Complete the following analysis. First, at thresholds of 0.30, 0.50 and 0.70, construct confusion matrices and calculate precision, recall
and specificity. Second, suppose a false negative has an expected collection loss of US$900 and a false positive triggers a manual review
costing US$80. Compute the direct classification cost at each threshold. Third, explain why this direct-cost model may still be incomplete
if an unnecessary review delays a customer’s shipment. Fourth, group the predicted probabilities into low (below 0.30), medium (0.30-
0.69) and high (0.70 or above) bands and compare observed late-payment rates as a basic calibration diagnostic. Fifth, propose a
threshold policy if manual-review capacity is limited to six customers per cycle. Finally, state what additional evidence you would
require before using the model for an automatic credit-limit reduction rather than manual review.

References

African Union. (2024). Continental artificial intelligence strategy. https:
strategy

Bansal, G, Wu, T., Zhou, ],, Fok, R, Nushi, B., Kamar, E., Ribeiro, M. T., & Weld, D. S. (2021). Does the whole exceed its parts? The effect of Al
explanations on complementary team performance. Proceedings of the 2021 CHI Conference on Human Factors in Computing Systems,
Article 81, 1-16. https://doi.org/10.1145/3411764.3445717

Belton, V., & Stewart, T. ]. (2002). Multiple criteria decision analysis: An integrated approach. Kluwer Academic Publishers.
https://doi.org/10.1007/978-1-4615-1495-4

OPEN CHRISTIAN PRESS « 35


https://au.int/en/documents/20240809/continental-artificial-intelligence-strategy
https://au.int/en/documents/20240809/continental-artificial-intelligence-strategy
https://doi.org/10.1145/3411764.3445717
https://doi.org/10.1007/978-1-4615-1495-4

ACROSS MARKETS AND BORDERS CHAPTER 5

Board of Governors of the Federal Reserve System. (2026, April 17). Revised guidance on model risk management (SR 26-2).
https://www.federalreserve.gov/supervisionreg/srletters/SR2602.htm

Breiman, L. (2001a). Statistical modeling: The two cultures. Statistical Science, 16(3), 199-231. https://doi.org/10.1214/ss/1009213726

Breiman, L. (2001b). Random forests. Machine Learning, 45, 5-32. https://doi.org/10.1023/A:1010933404324

Central Bank of Kenya. (2022). The Central Bank of Kenya (Digital Credit Providers) Regulations, 2022 (Legal Notice No. 46 of 2022). Kenya Law.
https://new.kenyalaw.org/akn/ke/act/In/2022 /46 /eng@2022-04-22

Chen, H., Chiang, R. H. L., & Storey, V. C. (2012). Business intelligence and analytics: From big data to big impact. MIS Quarterly, 36(4), 1165-
1188. https://doi.org/10.2307 /41703503

Chouldechova, A. (2017). Fair prediction with disparate impact: A study of bias in recidivism prediction instruments. Big Data, 5(2), 153-163.
https://doi.org/10.1089 /big.2016.0047

Dantzig, G. B. (1963). Linear programming and extensions. Princeton University Press.

De Vos, S., Bockel-Rickermann, C., Lessmann, S., & Verbeke, W. (2026). Uplift modeling with continuous treatments: A predict-then-optimize
approach. European Journal of Operational Research, 330(1), 230-244. https://doi.org/10.1016/j.ejor.2025.10.025

Dietvorst, B. ]., Simmons, ]. P., & Massey, C. (2015). Algorithm aversion: People erroneously avoid algorithms after seeing them err. Journal of
Experimental Psychology: General, 144(1), 114-126. https://doi.org/10.1037 /xge0000033

European Commission. (2026, July 31). Commission starts enforcing Al Act rules and new transparency requirements on 2 August.
https://digital-strategy.ec.europa.eu/en/news/commission-starts-enforcing-ai-act-rules-and-new-transparency-requirements-2-august

Friedman, ]. H. (2001). Greedy function approximation: A gradient boosting machine. The Annals of Statistics, 29(5), 1189-1232.
https://doi.org/10.1214/a0s/1013203451

Gebru, T., Morgenstern, J., Vecchione, B, Wortman Vaughan, J., Wallach, H., Daume III, H.,, & Crawford, K. (2021). Datasheets for datasets.
Communications of the ACM, 64(12), 86-92. https://doi.org/10.1145/3458723

Gigerenzer, G., & Gaissmaier, W. (2011). Heuristic decision making. Annual Review of Psychology, 62, 451-482.
https://doi.org/10.1146 /annurev-psych-120709-145346

Hyndman, R. ., & Athanasopoulos, G. (2021). Forecasting: Principles and practice (3rd ed.). OTexts. https://otexts.com/fpp3/

International Organization for Standardization, & International Electrotechnical Commission. (2023). ISO/IEC 42001:2023 Information
technology - Artificial intelligence - Management system. https: //www.iso.org/standard /42001

Jarrahi, M. H. (2018). Artificial intelligence and the future of work: Human-Al symbiosis in organizational decision making. Business Horizons,
61(4),577-586. https://doi.org/10.1016/j.bushor.2018.03.007

Kahneman, D., & Tversky, A. (1979). Prospect theory: An analysis of decision under risk. Econometrica, 47(2), 263-292.
https://doi.org/10.2307/1914185

Kahneman, D., Sibony, 0., & Sunstein, C. R. (2021). Noise: A flaw in human judgment. Little, Brown Spark.

Keeney, R. L., & Raiffa, H. (1976). Decisions with multiple objectives: Preferences and value tradeoffs. Wiley.

Kenya National Bureau of Statistics. (2024). 2024 FinAccess household survey report. https://www.knbs.or.ke /reports/2024-finacess-household-
survey-report/

Kleinberg, J., Lakkaraju, H., Leskovec, ]., Ludwig, ., & Mullainathan, S. (2018). Human decisions and machine predictions. The Quarterly Journal of
Economics, 133(1), 237-293. https://doi.org/10.1093/qgje/qjx032

Kleinberg, J., Mullainathan, S., & Raghavan, M. (2017). Inherent trade-offs in the fair determination of risk scores. In C. H. Papadimitriou (Ed.),
8th Innovations in Theoretical Computer Science Conference (ITCS 2017) (Vol. 67, Article 43). Schloss Dagstuhl-Leibniz-Zentrum fur
Informatik. https://doi.org/10.4230/LIPIcs.ITCS.2017.43

Knight, F. H. (1921). Risk, uncertainty and profit. Houghton Mifflin.
Lattimore, T., & Szepesvari, C. (2020). Bandit algorithms. Cambridge University Press. https://doi.org/10.1017/9781108571401

Logg, ]. M., Minson, . A, & Moore, D. A. (2019). Algorithm appreciation: People prefer algorithmic to human judgment. Organizational Behavior
and Human Decision Processes, 151, 90-103. https://doi.org/10.1016/j.0bhdp.2018.12.005

Makridakis, S., Spiliotis, E., & Assimakopoulos, V. (2018). The M4 competition: Results, findings, conclusion and way forward. International
Journal of Forecasting, 34(4), 802-808. https://doi.org/10.1016/j.ijforecast.2018.06.001

Makridakis, S., Spiliotis, E., & Assimakopoulos, V. (2020). The M4 competition: 100,000 time series and 61 forecasting methods. International
Journal of Forecasting, 36(1), 54-74. https://doi.org/10.1016/].ijforecast.2019.04.014

Metropolis, N., & Ulam, S. (1949). The Monte Carlo method. Journal of the American Statistical Association, 44(247), 335-341.
https://doi.org/10.1080/01621459.1949.10483310

Mmlstry ofICT and lnnovatlon (2023) The national artificial mtelllgence poIlcy Republlc of Rwanda
bli

Mitchell, M., Wu, S., Zaldivar, A., Barnes, P., Vasserman, L., Hutchinson, B., Spitzer, E., Raji, I. D., & Gebru, T. (2019) Model cards for model
reporting. Proceedings of the Conference on Fairness, Accountability, and Transparency, 220-229.
https://doi.org/10.1145/3287560.3287596

National Institute of Standards and Technology. (2024). Artificial intelligence risk management framework: Generative artificial intelligence
profile (NIST Al 600-1). https://doi.org/10.6028 /NIST.AL.600-1

National Institute of Standards and Technology. (2026). Al Risk Management Framework. https://www.nist.gov/itl/ai-risk-management-
framework

Organisation for Economic Co-operation and Development. (2024). OECD Al principles. https://www.oecd.org/en/topics/ai-principles.html

Raisch, S., & Krakowski, S. (2021). Artificial intelligence and management: The automation-augmentation paradox. Academy of Management
Review, 46(1), 192-210. https://doi.org/10.5465/amr.2018.0072

Rudin, C. (2019). Stop explaining black box machine learning models for high stakes decisions and use interpretable models instead. Nature
Machine Intelligence, 1(5), 206-215. https://doi.org/10.1038/s42256-019-0048-x

OPEN CHRISTIAN PRESS « 36


https://www.federalreserve.gov/supervisionreg/srletters/SR2602.htm
https://doi.org/10.1214/ss/1009213726
https://doi.org/10.1023/A:1010933404324
https://new.kenyalaw.org/akn/ke/act/ln/2022/46/eng@2022-04-22
https://doi.org/10.2307/41703503
https://doi.org/10.1089/big.2016.0047
https://doi.org/10.1016/j.ejor.2025.10.025
https://doi.org/10.1037/xge0000033
https://digital-strategy.ec.europa.eu/en/news/commission-starts-enforcing-ai-act-rules-and-new-transparency-requirements-2-august
https://doi.org/10.1214/aos/1013203451
https://doi.org/10.1145/3458723
https://doi.org/10.1146/annurev-psych-120709-145346
https://otexts.com/fpp3/
https://www.iso.org/standard/42001
https://doi.org/10.1016/j.bushor.2018.03.007
https://doi.org/10.2307/1914185
https://www.knbs.or.ke/reports/2024-finacess-household-survey-report/
https://www.knbs.or.ke/reports/2024-finacess-household-survey-report/
https://doi.org/10.1093/qje/qjx032
https://doi.org/10.4230/LIPIcs.ITCS.2017.43
https://doi.org/10.1017/9781108571401
https://doi.org/10.1016/j.obhdp.2018.12.005
https://doi.org/10.1016/j.ijforecast.2018.06.001
https://doi.org/10.1016/j.ijforecast.2019.04.014
https://doi.org/10.1080/01621459.1949.10483310
https://www.risa.gov.rw/fileadmin/user_upload/RISA/Publications/4.Policies/Artificial_Intelligence_Policy.pdf
https://doi.org/10.1145/3287560.3287596
https://doi.org/10.6028/NIST.AI.600-1
https://www.nist.gov/itl/ai-risk-management-framework
https://www.nist.gov/itl/ai-risk-management-framework
https://www.oecd.org/en/topics/ai-principles.html
https://doi.org/10.5465/amr.2018.0072
https://doi.org/10.1038/s42256-019-0048-x

ACROSS MARKETS AND BORDERS CHAPTER 5

Saaty, T. L. (1980). The analytic hierarchy process: Planning, priority setting, resource allocation. McGraw-Hill

Safaricom PLC. (2021). Strategic performance review. https://www.safaricom.co.ke/annualreport 2021 /our-performance/strategic-
performance-review/

Savage, L. ]. (1954). The foundations of statistics. Wiley.

Shmueli, G. (2010). To explain or to predict? Statistical Science, 25(3), 289-310. https://doi.org/10.1214/10-STS330

Shrestha, Y. R, Ben-Menahem, S. M., & von Krogh, G. (2019). Organizational decision-making structures in the age of artificial intelligence.
California Management Review, 61(4), 66-83. https://doi.org/10.1177/0008125619862257

Simon, H. A. (1955). A behavioral model of rational choice. The Quarterly Journal of Economics, 69(1), 99-118. https://doi.org/10.2307/1884852

Stanford Institute for Human-Centered Artificial Intelligence. (2026). The 2026 Al Index report. Stanford University. https://hai.stanford.edu/ai-
index/2026-ai-index-report

Suri, T., Bharadwaj, P., & Jack, W. (2021). Fintech and household resilience to shocks: Evidence from digital loans in Kenya. Journal of
Development Economics, 153, 102697. https://doi.org/10.1016/j.jdeveco.2021.102697

Tabassi, E. (2023). Artificial intelligence risk management framework (Al RMF 1.0) (NIST Al 100-1). National Institute of Standards and
Technology. https://doi.org/10.6028/NIST.AL100-1

Tversky, A., & Kahneman, D. (1974). Judgment under uncertainty: Heuristics and biases. Science, 185(4157), 1124-1131.
https://doi.org/10.1126/science.185.4157.1124

von Neumann, J., & Morgenstern, O. (1944). Theory of games and economic behavior. Princeton University Press.

Zillow Group. (2021, November 2). Zillow Group reports third-quarter 2021 financial results and shares plan to wind down Zillow Offers
operations. https://investors.zillowgroup.com/news-and-events/news/news-details /2021 /Zillow-Group-Reports-Third-Quarter-2021-
Financial-Results--Shares-Plan-to-Wind-Down-Zillow-Offers-Operations /default.aspx

Zillow Group. (2022). Annual report on Form 10-K for the year ended December 31, 2021. U.S. Securities and Exchange Commission.
https://www.sec.gov/Archives/edgar/data/1617640/000161764022000013/z-20211231.htm

Annotated Further Reading

Belton, V., & Stewart, T. J. (2002). Multiple criteria decision analysis: An integrated approach. A rigorous but accessible treatment of
MCDA that emphasizes problem structuring as well as formal aggregation. It is especially valuable for readers who want to move
beyond weighted-score tables and understand competing schools of multi-criteria analysis.

De Vos, S., Bockel-Rickermann, C., Lessmann, S., & Verbeke, W. (2026). Uplift modeling with continuous treatments: A predict-then-
optimize approach. A current peer-reviewed bridge between causal machine learning and constrained treatment allocation. It is
particularly useful for understanding how treatment-effect estimation can inform prescriptive allocation rather than merely predict
outcomes.

Hyndman, R. J., & Athanasopoulos, G. (2021). Forecasting: Principles and practice (3rd ed.). An open, practical and technically sound
forecasting text that reinforces benchmark evaluation, diagnostics and uncertainty. Read it alongside Chapter 4 for statistical mechanics
and Chapter 5 for the managerial use of forecasts.

Keeney, R. L., & Raiffa, H. (1976). Decisions with multiple objectives: Preferences and value tradeoffs. A foundational work on
multiattribute decision analysis and value trade-offs. It is mathematically richer than this chapter but remains indispensable for
understanding why objectives, ranges and preferences must be structured before aggregation.

Mitchell, M., Wu, S., Zaldivar, A., Barnes, P., Vasserman, L., Hutchinson, B., Spitzer, E., Raji, I. D., & Gebru, T. (2019). Model cards
for model reporting. A foundational documentation framework for communicating intended uses, performance characteristics and
limitations of trained models. It complements Section 5.15.6 by showing why governance depends on traceable use boundaries and
lifecycle evidence, not accuracy alone.

Raisch, S., & KrakowskKi, S. (2021). Artificial intelligence and management: The automation-augmentation paradox. A strong conceptual
article for managers examining why automation and human augmentation are not simple substitutes and why organizational design is
central to realizing value from Al

Rudin, C. (2019). Stop explaining black box machine learning models for high stakes decisions and use interpretable models instead. A
deliberately strong argument that helps readers interrogate the assumption that post-hoc explanations are always sufficient for high-
stakes black-box systems.

Shmueli, G. (2010). To explain or to predict? Essential reading for distinguishing explanatory and predictive modeling goals, especially
for readers moving from Chapter 4's regression foundations into Chapter 5's predictive focus.

Tabassi, E. (2023). Artificial intelligence risk management framework (Al RMF 1.0). A practical governance framework organized
around Govern, Map, Measure and Manage. Readers should verify the latest NIST version because the framework is under revision in
2026.

Tversky, A., & Kahneman, D. (1974). Judgment under uncertainty: Heuristics and biases. A seminal article on recurring judgment
errors. It is best read alongside Gigerenzer and Gaissmaier (2011), which helps readers evaluate heuristics in context rather than treat
them as universally defective.

END OF CHAPTER | From evidence to judgment

A model can estimate. An optimizer can rank. A dashboard can signal. An Al system can recommend. None can assume the moral and professional
responsibility of the person or institution that decides. Decision intelligence is therefore the disciplined union of analytical competence, explicit trade-
offs, accountable action and the humility to learn when reality proves the model incomplete.

OPEN CHRISTIAN PRESS « 37


https://www.safaricom.co.ke/annualreport_2021/our-performance/strategic-performance-review/
https://www.safaricom.co.ke/annualreport_2021/our-performance/strategic-performance-review/
https://doi.org/10.1214/10-STS330
https://doi.org/10.1177/0008125619862257
https://doi.org/10.2307/1884852
https://hai.stanford.edu/ai-index/2026-ai-index-report
https://hai.stanford.edu/ai-index/2026-ai-index-report
https://doi.org/10.1016/j.jdeveco.2021.102697
https://doi.org/10.6028/NIST.AI.100-1
https://doi.org/10.1126/science.185.4157.1124
https://investors.zillowgroup.com/news-and-events/news/news-details/2021/Zillow-Group-Reports-Third-Quarter-2021-Financial-Results--Shares-Plan-to-Wind-Down-Zillow-Offers-Operations/default.aspx
https://investors.zillowgroup.com/news-and-events/news/news-details/2021/Zillow-Group-Reports-Third-Quarter-2021-Financial-Results--Shares-Plan-to-Wind-Down-Zillow-Offers-Operations/default.aspx
https://www.sec.gov/Archives/edgar/data/1617640/000161764022000013/z-20211231.htm

