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Chapter 5:  

Outcome-Driven Causal Inference 

5.1 Outcome-Oriented Decision Making 

Outcome-oriented decision making represents a fundamental shift in data-driven 

analysis by redirecting attention away from prediction and toward the systematic 

evaluation of actions and their consequences. Traditional data analysis and machine 

learning approaches are primarily designed to maximize predictive accuracy by 

minimizing forecast errors using historical data, which makes them well suited for 

anticipating outcomes such as income levels, consumer demand, or health risks. 

Nevertheless, very precise predictive models can still be unable to support effective 

decision-making as they do not provide explanations of how the outcomes would be 

modified in case of alternative actions. In the real world of decision-making, the 

inquiry most often posed by policymakers, managers, and practitioners is not what is 

bound to occur based on the prevailing conditions but rather what will occur in the case 

of a given intervention, policy or treatment. This difference highlights one of the key 

weaknesses of purely predictive models namely they have statistical relationships but 

fail to provide causal relationships that are needed to examine interventions. Lacking 

the sense of causation, all decisions on prediction risk alone serve to strengthen past 

trends at the cost of enhancing performance [84]. Outcome-based decision-making fills 

this gap by focusing on causal argumentation and counterfactual analysis, which allow 

decision-makers to compare possible actions by their perceived effects and to choose 

policies that can actively contribute to social, economic, or organizational 

performance. 

In most practical environments, such as in the policy of a nation or state, in healthcare, 

in business strategy, a decision is ultimately measured by its welfare, efficiency and 

overall improvement to the wider social good, as opposed to by predictive performance 

alone. Predicting unemployment rates accurately, e.g. will give limited information as 

to whether a job training program will cause a decrease in unemployment, just as 

predicting the risk of a patient will give no information as to whether a given medical 

intervention will result in better health outcomes. These are the examples of the 

inherent disjunction of prediction and decision-making. Outcome-oriented decision-

making fills this gap by placing explicit attention on the interventions and their causal 

implications where the analyst can systemically compare the different actions and 

evaluate which policies or treatments will produce the highest expected benefit [85]. 

This will help in identifying the consequences of various possible actions, an approach 

that appreciates the fact that decision-making is always prospective and should be 

evaluated in terms of its actual effects in the real world as opposed to its ability to 

describe or fit a model. 
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Counterfactual reasoning is at the centre of outcome-relevant decision-making and is 

the systematic compare-and-constrast approach to observed outcomes with 

hypothetical outcomes that would have been the result with alternative decisions, 

policies, or interventions. Since only one outcome is ever observed at a certain point in 

time by a particular individual or unit, the rest of the all the possible outcomes are 

essentially unobservable, which is a major difficulty in empirical analysis. Causal 

inference techniques would deal with this issue by offering formal models and 

identification techniques to approximate these missing counterfactual implications with 

well-defined assumptions. Analysts can use key causal concepts, including treatment 

effects, on average (average treatment effects) and heterogeneous (heterogeneous 

treatment effects). Decision-making based on causal estimates instead of pure simple 

correlations enables organizations to shun spurious decisions caused by confounding 

elements or selection bias and instead develop policies and intervention that are robust, 

decipherable, and efficient in delivering the intended results [86]. 

Outcome-oriented frameworks change the goal of data analysis by focusing on the 

expected results with alternative decisions, and in these models, maximizing expected 

utility, social welfare, or economic impact is the aim of data analysis [87]. Such 

reorientation has significant policy evaluation and optimization implications since 

interventions that seem to do well when based on traditional predictive metrics might 

not produce any significant improvements after they are put into practice. On the other 

hand, policies with high causal benefits need not seem best according to the purely 

predictive approach since their utility is to alter, rather than predict, the future. 

Outcome-oriented decision making thus offers an analytical basis of evidence-based 

policy designing by balancing the analytical objectives against the real-world goals. It 

allows the decision-makers to allocate resources more effectively, match interventions 

with heterogeneous populations, and evaluate the policies rigorously on the basis of 

their actual effects under intervention instead of their capacity to predict historical data. 

Table 5.1 shows the conceptual difference between predictive modelling and outcome-

focused causal analysis. 

5.2 Uplift Modeling 

Uplift modeling is a causal inference framework specifically designed to examine how 

individuals or subpopulations respond differently to interventions, placing treatment 

responsiveness rather than outcome prediction at the center of decision-making. In 

contrast to classical predictive models, which make predictions about how likely or big 

an outcome will be without paying explicit attention to the effects of actions 

undertaken, uplift models aim at predicting the incremental causal effect of a treatment 

in relation to a control condition. This difference is especially significant in practice, in 

situations of practical decisions, where interventions are not only expensive but also 

limited by scarce resources or even dangerous, when they are indiscriminately used 
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[88]. Uplift modeling explicitly models variation in the effect of treatments on 

individuals, and thus goes beyond average treatment effects and recognizes that one 

and the same intervention may produce huge benefits to some individuals, none to 

others, and adverse effects to some groups. This heterogeneity makes the intervention 

strategies more precise, efficient and responsible. 

Table 5.1: Comparison Between Predictive Modeling and Outcome-Oriented Causal 

Analysis 

Dimension Predictive Modeling Outcome-Oriented (Causal) 

Analysis 

Primary Goal Forecast outcomes 

accurately 

Evaluate impact of interventions 

Focus Associations in historical 

data 

Cause-and-effect relationships 

Key Question What will happen? What will happen if we act? 

Policy 

Usefulness 

Limited for decision-

making 

High relevance for policy design 

Risk Reinforces existing patterns Supports outcome improvement 

 

The central causal quantity in uplift modeling is the Individual Treatment Effect 

(ITE), which captures the causal impact of an intervention at the individual level and is 

formally defined as the difference between an individual’s potential outcome under 

treatment and their potential outcome under control [89]. Because only one of these 

potential outcomes can be observed for any individual, the ITE is fundamentally 

unobservable, giving rise to a missing-data problem that cannot be addressed through 

predictive modeling alone. Uplift modeling therefore relies on causal identification 

strategies, most commonly randomized controlled trials or observational data that 

satisfy strong assumptions such as conditional ignorability, overlap, and consistency. 

Assuming these conditions, differences between treated and untreated people of similar 

observed characteristics may be explained as causal effects and not the result of 

spurious relationships. This framework enables the analysts to derive individual or 

subgroups level of responsiveness to treatment even when the true counter facts are not 

observable, which offers a rigorous foundation to making individualized and outcome-

based decisions. 

The contribution of uplift modeling to personalized and targeted interventions is one of 

the most important contributions that uplift modeling makes to the outcome-oriented 
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decision-making process significantly enhancing the effectiveness and efficiency 

thereof. When organizations rank the individuals based on the estimated treatment 

effects instead of the pre-intervention probability of a baseline outcome, they can 

devote scarce resources to individuals with the highest likelihood of getting meaningful 

benefits out of intervention. This is a crucial distinction because the people with great 

predicted outcomes might not be causally affected by therapy and thus can be 

inefficient targets. In marketing, uplift modeling can be used to avoid spending money 

on customers who will buy the product regardless of the promotion efforts, as well as 

avoiding contacting those who can be harmed by it [90]. Likewise, with healthcare and 

public policy, uplift modeling allows assigning treatment and implementing policy 

based on individuals to decrease overtreatment, limit unintended harm, and maximize 

welfare by ensuring that the intervention is responsive to individuals and not to the 

aggregate impact only. 

Methodologically, uplift modeling has progressed very quickly with the incorporation 

of machine learning methods which are much better suited to high dimensional data 

and non-linear relationships. An early uplift method tended to use single two-model 

methods, where the treated and control data were estimated with separate models 

which frequently led to inefficient utilization of data and unstable estimates. Higher 

complex meta-learning models like the S-learner, T-learner and X-learner overcome 

these shortcomings by sharing information among treatment groups and adjusting to 

treatment assignment imbalance thus enhancing efficiency and robustness of the 

estimation. Tree-based methods, including uplift trees and causal trees, provide 

transparent and interpretable structures that explicitly reveal treatment effect 

heterogeneity across subpopulations, making them particularly valuable for policy 

analysis and communication. More recent neural network–based approaches further 

enhance flexibility by capturing complex interactions and nonlinearities, though they 

introduce additional challenges related to interpretability, uncertainty quantification, 

and ethical deployment. Collectively, these methodological advances enable uplift 

modeling to scale causal inference to complex, data-rich decision environments while 

remaining firmly grounded in a counterfactual and intervention-focused framework. 

Table 5.2 summarizes key uplift modeling approaches used to estimate heterogeneous 

treatment effects. 

5.3 Causal Machine Learning 

Causal machine learning constitutes a methodological attempt to combine the 

methodological sophistication of causal inference and the capabilities and scalability of 

contemporary machine learning methods. The traditional causal techniques, which are 

linear regression, matching, or instrumental variable techniques, rest upon very clear 

identification strategies and assumptions, but tend to be constraining or invalidated 

when faced with high-dimensional covariates, non-linear relationships, and 
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complicated interactions among variables. By contrast, the standard machine learning 

approaches are specifically developed to work well in a complex environment, but they 

generally focus on predictive accuracy and ignore the causal structure by which 

interventions influence outcomes. Causal machine learning fills this gap by making 

causal assumptions (e.g., confoundedness, overlap and stable treatment assignment) 

explicit in machine learning models, and permitting flexible algorithms to be applied to 

causal estimation, not just correlation discovery. The final goal is to have the reliable 

and interpretable estimates of treatment effects that should not be statistically invalid in 

the data-rich environment and allow the decision-makers to make the use of the 

estimates with confidence to assess interventions and design the policy [91]. 

Table 5.2: Common Uplift Modeling Approaches 

Method Core Idea Strengths Limitations 

Two-Model 

Approach 

Separate models for 

treatment and control 

Simple to 

implement 

Data inefficient, 

unstable 

S-Learner Single model with 

treatment indicator 

Uses full data May understate 

heterogeneity 

T-Learner Separate models, shared 

covariates 

Captures 

heterogeneity 

Requires large 

samples 

X-Learner Combines imputation 

and weighting 

Strong with 

imbalanced data 

More complex 

 

Causal trees, a type of causal machine learning, are amongst the most well-known, and 

are an extension of the decision tree algorithms to an explicit heterogeneity of 

treatment effects. Causal trees also differ with conventional trees in that, unlike 

conventional trees, they choose partitions that maximize the gaps in the estimated 

treatment effect between subgroups. This type of design enables researchers to uncover 

the variation in effects of an intervention in a systematic way with respect to 

observable factors like age, income, education, baseline risk or previous behavior [92]. 

Causal trees can be used in policy analysis and applied decision-making contexts 

because they are more interpretable and more transparent than alternative causal 

inference methods, such as analysis of variance, due to their ability to generate a tree 

structure that clearly delineates subpopulations with different causal responses. In 

addition to treatment effect estimation, causal trees are useful in explaining why some 

groups have advantages over others, which is actionable and allows the justification of 

policies, specific implementation, and effective communication with the stakeholders. 
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Causal trees are highly interpretable, but susceptible to sampling variability, and may 

provide volatile or unstable estimates when used on its own, especially with small 

samples or high dimension space. Causal forests solve those shortcomings by scaling 

causal trees into an ensemble learning methodology that exploits the added value of 

random forests [93]. Causal forests help to substantially reduce the variance and 

enhance the stability of the estimations of the treatment effects and maintain the 

capability of estimating the rich treatment effect heterogeneity by averaging over a 

large number of causal trees that are built on arbitrary subsamples and random 

covariate subsets. Notably, causal forests can give theoretically informed estimates of 

the conditional average treatment effects and include formal procedures of statistical 

inference, such as asymptotically valid confidence intervals and hypothesis testing. 

Such properties define causal forests in particular as well adapted to complex, high-

data settings where the effect of treatment changes smoothly over covariates and 

parametric models or the use of a single tree are no longer sufficient to identify 

nonlinearities and interactions. 

Conditional Average Treatment Effect (CATE): 

τ(x) = E[Yᵢ(1) - Yᵢ(0) | Xᵢ = x] 

Causal Forest Estimator: 

τ̂(x) = (1/B) Σᵇ₌₁ᴮ τ̂ᵇ(x) 

Where: 

• τ(x) = conditional average treatment effect at covariate value x 

• B = number of trees in the forest 

• τ̂ᵇ(x) = treatment effect estimates from tree b 

• Yᵢ(1), Yᵢ(0) = potential outcomes under treatment and control 

• Xᵢ = vector of covariates for unit i 

Another cornerstone of causal machine learning is Double Machine Learning 

(DML), a framework developed to systematically address the bias that arises when 

highly flexible machine learning models are used for causal estimation in high-

dimensional settings. In many empirical applications, estimating nuisance components 

such as the conditional expectation of the outcome given covariates or the propensity 

score governing treatment assignment which requires regularization to prevent 

overfitting, which in turn introduces bias that can distort causal estimates. DML 

resolves this tension by explicitly decoupling nuisance parameter estimation from the 

estimation of the causal parameter of interest and by constructing Neyman-orthogonal 

estimating equations that are robust to small estimation errors in the nuisance 
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functions. A major DML innovation is that they employ sample splitting and cross-

fitting, which avoid overfitting and make sure that the data employed in estimating the 

nuisance elements is statistically unrelated to the one employed in estimating the causal 

impacts. The design enables the researcher to use a broad variety of machine learning 

algorithms, such as random forests, gradient boosting, LASSO, and deep neural 

networks, without loss of asymptotic unbiasedness or inferential validity. In mild 

regularity conditions, DML estimators are root-n consistent and normally distributed, 

allowing standard statistical inferences e.g. confidence interval and hypothesis tests. 

Using strict causal identification with the flexibility of current machine learning, 

Double Machine Learning offers a scalable and principled algorithm to compute causal 

effect estimates in data-intensive and complex settings where parametric methods are 

no longer relevant [94]. Table 5.3 presents major causal machine learning methods and 

their core objectives. 

Partially Linear Model: 

Y = θW + g(X) + ε W = m(X) + η 

Where: 

• Y = outcome variable 

• W = treatment variable 

• θ = causal parameter of interest (treatment effect) 

• g(X) = nuisance function for outcome (conditional expectation E[Y|X]) 

• m(X) = nuisance function for treatment (propensity score or conditional 

expectation E[W|X]) 

• X = vector of covariates 

• ε, η = error terms 

Table 5.3: Key Methods in Causal Machine Learning 

Method Main Objective Key Feature Typical 

Application 

Causal Trees Identify treatment 

heterogeneity 

Interpretable 

subgroup effects 

Policy targeting 

Causal Forests Stable CATE 

estimation 

Ensemble 

averaging 

Large-scale policy 

analysis 

Double Machine 

Learning 

Bias reduction in high 

dimensions 

Orthogonal 

estimation 

High-dimensional 

economics 

Uplift Neural 

Networks 

Flexible heterogeneity 

modeling 

Nonlinear 

interactions 

Personalized 

interventions 
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5.4 Optimization Using Causal Effects 

After reliably estimating causal effects, they can be systematically introduced into 

optimization models to help make decisions under constraint to reality. Whereas causal 

inference aims at determining the consequences of interventions and defining plausible 

responses to enquiries on what works, whom and under what circumstances, 

optimization transforms such causal knowledge into policy, rule and strategy. This 

phase involves a fundamental shift in attitude between analysis and action, whereby the 

estimated treatment effects no longer serve as descriptive statistics, but rather as the 

structural inputs to decision problems. Optimization frameworks incorporate causal 

estimates in objective functions that are aimed at maximizing the expected utility, 

social welfare, or economic returns and where constraints are limited budgets, capacity 

limits, fairness needs, or legal or ethical measures are considered. Optimization is 

appropriate as it explicitly models trade-offs between benefits and costs to ensure that 

the interventions are implemented in locations where they have the largest marginal 

effect. Most importantly, this framework is based on what would happen in the 

presence of counterfactual intervention as opposed to what correlations can be 

observed, thus avoiding policies that seem to be working based on historical data, but 

do not work in real life. Policy and economic environments require such integration in 

the name of accountability because decisions should be explained on the basis of 

expected outcomes as opposed to predictive performance. Causal effects optimization 

thus offers a principled investigation between empirical and practical decision-making 

by allowing policymakers and organizations to craft interventions that are efficient, 

focused and oriented at long-term societal goals [95]. 

One key use of optimization with the help of causal effects is the allocation of 

resources, where the allocation of scarce budgets, treatments, or services is made to 

maximize the impact on individuals, groups or regions. In most applied contexts, 

resources are always scarce in nature and inexhaustible and therefore prioritization is 

both imperative and a matter of consequence. Causal effect estimates are the principled 

foundation of this prioritization by enabling decision-makers to prioritize potential 

recipients or interventions based on their expected marginal benefit as opposed to their 

actual or predicted results or risks. The allocation decisions are able to reflect the 

extent to which an intervention is likely to alter the outcomes in the event that it is 

implemented, as opposed to who is most in need, or most likely to benefit without the 

intervention [96]. Indicatively, in health systems where capacity is limited, causal 

optimization allows treatments to be allocated to patients whose anticipated health 

benefits are maximized, which maximizes health benefits on a population level. 

Equally, in education, labor market, or social welfare programs, funds and services 

may be allocated to causally most responsive individuals or communities, not to be 

shared uniform or according to coarse eligibility criteria. Causal optimization results in 
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more efficient, transparent and justifiable allocation strategies compared to rule-of-

thumb or purely predictive allocation strategies by explicitly treating the heterogeneity 

of treatment effects and opportunity costs, ultimately resulting in a more effective and 

accountable process of public and private decision-making. 

Many critical dimensions of optimization utilize causal effects, an alternative critical 

dimension of optimization through cost-benefit analysis explicitly incorporates 

estimated benefits with all costs of implementing interventions. Causal inference 

provides plausible measures of anticipated gains, including health outcome changes, 

earnings, or crime reduction, or educational attainment by removing confounding 

factors, including the causal effect of an intervention. Cost analysis supplements these 

estimates because it includes direct financial expenditures and administrative and 

implementation costs, behavioral responses, and opportunity costs associated with 

alternative use of limited resources. To design an optimal policy, to determine whether 

an intervention creates positive net value, to remain consistent both benefits and costs 

must be translated into a common measure, usually either in monetary or utility terms. 

This framework does not encourage choosing the policies that have large gross effects 

but are inefficient, inequitable, or unsustainable financially in the long run when costs 

are all taken into account [97]. Causal cost-benefit analysis encourages clear decision 

making because it explicitly analyzes trade-offs which assist policy makers to prioritize 

interventions that provide the highest returns on investment. Finally, combining causal 

effect estimation with cost-benefit logic can be used to make sure that the policy 

decisions are not effective only in theory but can also be practical and cost-efficient. 

Practically, the necessity to maximize through causal effects requires to clearly take 

into consideration an extensive list of institutional, ethical and legal limitations 

influencing the process of choosing the possible policy options. Aggregate welfare or 

aggregate expected benefits maximizing policies in an unconstrained environment can 

be incompatible with the objectives of equity, regulatory structures, political 

practicability, or cost-effectiveness, and so the purely efficiency-driven solutions can 

be unrealistic or unacceptable. Consequently, the contemporary decision-making 

models have featured constraints of fairness, non-discrimination, budgetary constraints, 

legal requirements and administrative practicability directly into the optimization 

problem. This will enable the policymakers to evaluate formally the trade-offs between 

efficiency and social responsibility as opposed to considering ethical considerations as 

a back-of-the-pack. By incorporating the estimates of causal effects into limited 

optimization models, decision-makers are enabled to make systematic comparisons 

among alternative strategies and evaluate the impact of various constraints on the 

results of different populations. This would help in the transparent and accountable 

design of policies by allowing normative choices to be explicit and measurable. Causal 

inference with constrained optimization hence offers a tight framework on rigorous 
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basis of outcome-driven decision-making in complex economic and social systems so 

that policies are effective as well as fair, legal and sustainable [98]. 

5.5 Practical Applications 

This has made outcome-driven causal inference a core instrument in both economics 

and the social sciences since it explicitly links empirical investigation to the real-world 

decision-making and policy-making practices. Causal methods of evaluation are 

created to explain the impact of an intervention and other possible policy options as 

opposed to descriptive or more purely predictive approaches, which concentrate on 

summarizing patterns of data or predicting future events. This difference is important 

when applied in practice because the decisions should not be based on their ability to 

model-fit historical data, but rather on what policies would do to welfare, efficiency, 

equity or a long-term development. Outcome-based frameworks allow researchers and 

policymakers to no longer rely on correlation-based arguments and thoroughly evaluate 

whether changes that have been observed can be associated with particular actions or 

programs [99]. These approaches justify policy formulation, plausible program 

assessment, and accountability. They also enable comparison of competing 

interventions by decision-makers on the same basis of causality, and also permit 

allocation of resources to programs with highest anticipated impact. Consequently, 

outcome-driven causal inference is able to offer a common system of evidence-based 

decision-making in areas like education, healthcare, labor markets, marketing, and 

public policy. 

Causal inference is an essential part of marketing economics since it determines the 

actual effect of advertisement, promotion, and pricing strategies by identifying the 

causation and spurious correlation. Conventional marketing analytics are based on 

perceived relationships between marketing efforts and sales efforts, which may be 

deceptive because they are confounded by factors like customer preferences, brand 

loyalty, seasonality, and general market trends. The causal techniques, such as 

randomized controlled experiment, natural experiment, and uplift modeling, help the 

firms isolate the incremental impact of marketing intervention, and decide whether the 

observed change in consumer behavior can be actually attributed to marketing 

interventions. Through the estimation of heterogeneous treatment effect, the firm 

would be able to know which customers are actually being affected by the 

advertisements or promotions, and which customers would have bought the products 

irrespective of whether they were exposed to the advertisement or not. This is because 

such a focused targeting enables organizations to spend marketing budgets wisely, 

minimize wasted expenditures, and on unnecessary overexposure resulting in customer 

overexposure or adverse reaction. Consequently, causal inference improves the 

investment payback, leverage data-based strategic choice, and correlate marketing 

approaches and business goals that have outcomes [100]. 
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The reasoning of causal inference is equally critical in the study of interventions in the 

labor markets, where the policymakers seek to assess programs that are meant to 

enhance the employment rates, income patterns, and job security. Popular examples are 

job training programs, wage subsidies, changes in unemployment insurance and job 

placement services, all of which imply huge government outlay and have sweeping 

economic and social consequences. Outcome-based causal techniques allow 

researchers to approximate the actual causal effects of these programs and overcome 

some of the major limitations of these studies namely selection bias, non-random 

selection and confounding variables regarding the characteristics of the workers or the 

local labor market. Through the application of experimental and quasi-experimental 

designs, analysts will be able to identify the impact of the program on the overall 

trends in the economy and to isolate the impact of a particular intervention. Notably, 

causal models enable the estimation of heterogeneous treatment effects, which 

indicates the difference between the effects of programs on different groups based on 

education, age, skill level, or past employment history [101]. This understanding can 

help policymakers target programs to groups that are most likely to gain, better target 

programs, and develop a more effective and inclusive labor market policy, which can 

not only increase equity but also economic performance. 

Outcome-driven causal inference is also used in education, healthcare, and social 

policy, among other areas, where the effects of decisions are long-term and frequently 

irreversible. Causal methods are applied in education where rigorous testing is 

conducted on the effectiveness of teaching methods, curriculum changes, financial aid 

programs and institutional policies so that pertinent administrators can tell the 

difference between interventions that have been proved to work, and those that are only 

correlated with student achievement. Causal inference-based on outcomes has 

applications in the field of healthcare, particularly in making individualized decisions 

regarding treatment, in comparative effectiveness studies, and in health policy analysis 

where the clinical advantages of applying treatments must be weighed against their 

cost, risk, and equity issues [102]. Applications of social policy also encompass 

evaluation of welfare schemes, housing projects, and interventions aimed at promoting 

health in the community, whereby causal estimates are used in program design as well 

as determining resource needs. In these various areas, the capacity to compute causal 

impacts and combine them into policy structures can allow policy-makers and agencies 

to create not only effectually mean-based interventions but also responsive population-

targeted, economically effective, and ethically and socially-oriented interventions. 

5.6 Summary 

The chapter also made the key point of the real reversal of the prediction-oriented 

analysis to the outcome-oriented decision-making, which requires the assessment of 

actions on the criteria of their causal consequences instead of their predictive quality. 
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Outcome causal inference offers a consistent approach to learning about the impact of 

interventions on outcomes and policy which will create the most welfare-maximising, 

efficient, and impactful policies. These methods can be applied in complex, high-

dimensional environments with the use of causal reasoning plus modern machine 

learning techniques and achieve both statistical validity and interpretability. The 

resulting instruments help in the customization of interventions, more economical 

distribution of scarce resources, and strict policy design on a cost basis and benefit 

basis. This, consequently, has made outcome-based causal procedures necessary to 

evidence based decision making in economics, in government policy, and in business, 

and has provided a conceptual basis to the translation of information into efficacious 

real-world action. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


