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Abstract—Sustainability assessment (SA) has been one of the prime contributors to advanced manufacturing analysis, and it traditionally involves life cycle assessment (LCA) techniques for retrospective and prospective evaluations. One big challenge to reach a reliable sustainability assessment comes from the inadequate understandings of the underlying activities related to each of the product lifecycle stages based on expert knowledge. Data-driven modeling, on the other hand, is an emerging approach that takes advantage of machine-learning methods in building models that would complement or replace the knowledge-based models capturing physical behaviors. Incorporating suitable data analytics models to utilize real-time product and process data could significantly improve LCA techniques.
[bookmark: _Hlk492553989]To address the complexity and uncertainty involved in multi-level SA decision-making activities, this paper proposes a modular LCA framework to accommodate a hybrid modeling paradigm that includes knowledge-based and data-driven models. We identify and emphasize on two important challenges: (1) Generalizing knowledge-based and data-driven models into analytics models so that they can be uniformly deployed and interchanged, and (2) Modularizing the LCA decision logics and model structures so that the LCA decision process can be streamlined and easily maintained. The issues related to the decomposition, standardization, deployment and execution of analytics models are discussed in this paper. Three well-adopted standards – STEP (Standard for the Exchange of Product model data), DMN (Decision Model and Notation), and PMML (Predictive Model Markup Language) are employed to capture the product-related data/information, the decision logic decomposition of analytics models, and the structure decomposition of analytics models, respectively.
The feasibility and benefits of the proposed modular, hybrid sustainability assessment methodology have been illustrated with an injection molding case study, incorporating an overall modular Scorecard-based LCA architecture with a Bayesian Network predictive model.
Keywords—Sustainability assessment, Data-driven modeling, DMN, PMML, Bayesian Network
Introduction
Manufacturing is experiencing the fourth evolution driven by the transformation of the information and communication technologies. According to the National Council for Advanced Manufacturing (NACFAM), today’s advanced manufacturers are using innovative technologies, mass production efficiencies, highly skilled workers, and flexible manufacturing processes to produce high-quality products and services for evermore demanding customers. Products are becoming smarter and connected, with the use of embedded sensors, processors, software, and connectivity in products, and coupled with product clouds in which product data is stored and analyzed (Porter and Heppelmann, 2014). Production and supply chain activities are getting more dependent on information, automation, computation, software, sensing, and networking.
Sustainable manufacturing (SM) employs assessment methodologies aiming at identifying, measuring, and comparing the social, economic and environmental implications. It is becoming one of the key factors that contribute to advanced manufacturing. Numerous sustainability assessment (SA) methods have been proposed in the past decades (Ness et al., 2007). These SA methods involve indicators/indices (e.g., material or energy flow analysis) for retrospective assessment, integrated assessment methods (e.g., impact assessment, uncertainty analysis) for prospective assessment, and product-related assessment (e.g., life cycle assessment) for both retrospective and prospective assessments.
Among many SA tools, life cycle assessment (LCA) is popularly used in manufacturing due to its unique feature that focuses on products in a lifecycle perspective. It is an analytical tool that captures the overall environmental impacts of product, process, and human activities involved in the product’s lifecycle (i.e. from raw material acquisition, through production and use phases, to waste management). Social LCA and life cycle costing (LCC) methods, extending from LCA, are also used to assess social and economic impacts (Finnveden et al., 2009).
LCA is very data intensive, which greatly relies on the life cycle inventory (LCI) databases. The lack of readily available inventory data continues to restrict reliable conclusions drawn from a LCA study (Finnveden et al., 2009). In manufacturing, the inventory data is traditionally limited to primary material production (e.g., sheets and foils) processes. Ignoring the manufacturing process-related inventory data results in inaccurate planning for cross comparisons and decision making (Mani et al., 2013). In addition, LCA is often an isolated activity and is not well-integrated with the product and process development (Badurdeen and Jawahir, 2017).
These issues have been improved by ongoing efforts from academia, industry, and government. Many databases including public national/regional databases, industry databases, and proprietary databases have been developed in the past decades. Extending the standard LCA procedures and integrating LCA with other decision-making processes have also been reported, for example, data-intensive LCA (Bhinge et al., 2015), decision-guidance LCA (Kim et al., 2015), and model-based LCA (Bertoni et al., 2015).
However, one big challenge remains in achieving a reliable sustainability assessment. That challenge comes from the inadequate understandings of the underlying activities related to each of the product lifecycle stages. Not all physical phenomena can be modeled because of their complexity. And, a physical phenomenon’s parameters and the relationships between the parameters may not be well identified. Data-driven modeling, on the other hand, is an emerging approach that takes advantage of machine-learning methods in building models that would complement or replace the knowledge-based models capturing physical behaviors.
A sustainability assessment methodology that incorporates data-driven models, at any suitable decision-making level, utilizing real-time product and process data, would significantly improve the LCA procedure. This paper presents a modular LCA framework to accommodate a hybrid modeling paradigm, combining knowledge-based and data-driven models, in order to address the complexity and uncertainty involved in multi-level SA decision-making activities.
Related Work
In this section, we first present a brief review of the related works in the three aspects of sustainability assessment for manufacturing: indicators/indices, product-related assessment, and integrated assessment. We then discuss the data and modeling issues contributing to unreliable/incomplete SA and the challenges of introducing data-driven modeling into SA.
Sustainable manufacturing indicators
Indicators are quantitative or qualitative measures that represent a state of economic, social, or environmental development. Numerous indicator sets have been developed to analyze and evaluate the sustainability of manufacturing processes. Compiling, categorizing, and reducing overlaps among the indicator sets are not trivial tasks.
One of the most comprehensive indicator sets has been reported by the NIST, which is based on the synthesis of other eleven indicator sets. This indicator set covers five dimensions: environmental stewardship, economic growth, social well-being, technological advancement, and performance management (Joung et al., 2012). Each dimension is further decomposed into subcategories and elements. For example, the environmental stewardship consists of resource consumption, which includes water, material, energy consumptions, and land use elements. The indicator set has been implemented in a Sustainable Manufacturing Indicator Repository (SMIR).
These indicators were further analyzed by Ocampo et al. (2015) to assign priorities using the analytic hierarchy process (AHP). For example, the energy consumption is one of the critical elements and is related to 15 indicators. These indicators can also be used for comparing similar manufacturers, ensuring sustainability compliance, and assessing the maturity of sustainable manufacturing practices.
Product-related life cycle assessment
Most LCA methods are derived from the ISO 14040/14044 framework that consists of four key phases: Definition of the goal and scope, Life cycle inventory (LCI) analysis, Life cycle impact assessment (LCIA), and Interpretation.
The retrospective and prospective assessment capabilities can be implemented as two types of LCAs: Attributional LCA (ALCA) and Consequential LCA (CLCA). The ALCA focuses on describing the environmentally relevant physical flows to and from a life cycle and its subsystems. The CLCA aims to describe how environmentally relevant flows will change in response to possible decisions (Curran et al., 2005).
A two-step iterative approach to integrate ALCA and CLCA is proposed by Yang (2016). The first step compiles inventories and conducts attributional analysis, in order to evaluate the status quo of the system, and identify hotspots that need to be focused subsequently. The second step evaluates possible changes under various scenarios representing associated environmental consequences, and then modifies the original inventories accordingly.
[bookmark: _Hlk492825802]Integrated sustainability assessment
The integrated assessment methods are used for supporting decisions related to a policy or a project in a specific region (Ness et al., 2007). An integrated assessment method addresses the impact on environment, as well as the risks and uncertainties involved in the decisions. Kim et al. (2015) proposed a decision-guidance framework to extend the standard four-phase LCA framework to six phases: Goal and scope definition, Data collection, Model generation, Sustainability performance analysis, Interpretation, and Decision support and guidance.
In Kim’s decision-guidance LCA, physical process models and analytics models are generated based on various methods, and are then synthesized as an integrated SM process model to calculate different levels of sustainability metrics. The physical processes are modelled based on the understandings of physical activities and their impacts. The analytics models can have multi-modes including analytical, numerical, empirical, and artificial-intelligence-based (AI-based) models to represent the knowledge generated by various approaches and sources. A sustainability impact model is also included to incorporate the variables and constraints defined in the goal and scope in order to formulate an objective function for the later optimization process. A proprietary SPAF (Sustainable Process Analytics Formalism) language is used to facilitate interoperability among modeling and computational tools.
The Kim’s decision-guidance framework is an attempt to extend the scope of the standard LCA, and its unique feature of supporting multi-mode modeling provides an initiation for using data-driven modeling techniques in order to improve manufacturing sustainability assessment.
Data and data-driven modeling
Sustainability assessment is data intensive. More data tends to better inform the decision-making process, but many assumptions have to be made in utilizing the data. A data-intensive LCA (DILCA) framework for deteriorating products has been proposed by Bhinge et al. (2015). The framework incorporates a probabilistic feature that is built on the survival analysis and the technology evolution profile of a product. It assumes the products to be in a constant deterioration rate over the lifecycle, which often is not the case.
Both of the two key components, the inventory data and the modeling of underlying processes in a LCA method contribute to uncertainties (Finnveden et al., 2009). The data may be miss-specified, incomplete, erroneous, or subject to round-off. The choices for modeling may be inconsistent with the goal and scope, as well as be inconsistent across alternatives. The relations among model elements could be wrong, incomplete, or inaccurately implemented.
While multiple modeling paradigms (analytical, numerical, empirical, and AI-based) have been used in process modeling, the dominant practices are mostly based on the first principle and strongly rely on expert knowledge. However, the lack of knowledge regarding the actual system is inevitable. Data-driven modeling may be considered to help addressing this challenge. Data-driven modeling uses advanced machine-learning methods in building models that capture physical behaviors. It is beneficial in situations where there is a considerable amount of data available and where it is difficult to build adequate knowledge-based models (Solomatine and Ostfeld, 2008).
The availability of cheaper monitoring tools combined with pervasive wireless technology enables massive environmental data to be collected from broad sources. However, manufacturing process data is most often proprietary.  And, manufacturing firms have been slow to adopt big data techniques in sustainability efforts, even for the world-class sustainable manufacturing practices that is supposed to lead to superior sustainability performance (Dubey et al., 2016).
One viable solution to obtain massive manufacturing data is to develop simulation models (e.g., virtual machines) (Shin et al., 2015). The challenge is how to utilize a priori knowledge to build the initial simulation model and a posteriori knowledge learned from the data, so that the new knowledge can be incorporated to continuously improve the established model. Research on improving a particular aspect (e.g., energy consumption prediction) or an individual process (e.g., machining process) using data-driven modeling is growing. A systematic way to study the modularity of the SA decision-making process so that heterogeneous models can be interfaced and composed in different levels, however, is rarely reported. 
A Modular, Hybrid LCA Method
In order to design a LCA architecture that accommodates hybrid SA models, we first illustrate the concepts of generalizing knowledge-based and data-driven models into analytics models, based on their commonality from the decision perspective. We then introduce the standardization and modular architecture design concepts for analytics models, which are based on the product perspective of an analytics model.
Representation of decision-making processes of analytics models
Data-driven modeling is based on analyzing the data about a system to find connections between the system state variables (input, internal, and output variables) without explicit knowledge of the physical behavior of the system (Solomatine and Ostfeld, 2008). The newly available big data and machine learning techniques greatly expand the conventional empirical modeling (usually based on limited samples) and AI-based modeling (e.g. expert systems) methods. Considering data as the raw material, data-driven modeling can then be seen as a production process for creating data-driven models, generating data or delivering results based on the data. Thus, an analytics model is treated as the product of this process.
An analytics model is also an information-processing unit to produce decisions while taking data as inputs and generating certain level of decisions. This decision perspective implies that data-driven models and knowledge-based models share a common process: generating an output for supporting decision making from an input. Indeed, a previous study suggested that an expert-rule-based model can be unified with a predictive model created by data mining tools (Li et al., 2017).


Fig.1.  A generic decision model in DMN notation

The Decision Model and Notation (DMN), developed by the Object Management Group (OMG), provides a generic graphical representation for decision models. As shown in Fig. 1, a decision model can be represented as four elements: (1) Input Data that corresponds to a concept of data; (2) Decision element that corresponds to the decision that determines the output value from a number of input values through some decision logic; (3) Knowledge Model that corresponds to the function that encapsulates an area of domain knowledge as executable decision logic, possibly expressed as business rules, an analytics model, or an algorithm; and (4) Knowledge Source that defines an authority for decisions or knowledge models. The arrows in Fig. 1 indicate the information, knowledge, and authority dependencies between the different types of elements, respectively.
By the above definition, a knowledge model in a decision model could be any forms of knowledge encapsulation. We believe the DMN notation provides a generic abstract for the decision-making architecture of knowledge-based models or data-driven models, without restricting the implementation details of individual knowledge models.
Standardization of analytics model structures
Standardization of analytics models is a key step leading to modularization. From the product perspective, an analytics model possesses a certain kind of form, which could be represented in a structured or a logical way. One well-adopted standard for analytics models is the Predictive Model Markup Language (PMML) developed by the Data Mining Group (DMG).
A predictive analytics model conforming to the PMML specification contains key elements including (1) a Header element that contains general information about the predictive model; (2) a DataDictionary element that contains schema definitions for all the possible data fields used by the model; (3) TransformationDictionary and/or LocalTransformations elements that allow users to map data into a more desirable form to be used by the mining model; and (4) One or more model (Model or MiningModel) elements that define the structure and scoring method of a mining model.
Each analytics model consists of a mining schema based on the type of model it represents, the detailed model structure, target fields and values, and output elements such as measures of accuracy (Fig. 2). For instance, a Ruleset model consists of a number of rules, and each rule contains a predicate statement and a predicted result. A Scorecard model can map input attributes to a series of reason codes which provide explanations of each individual score. A BayesianNetworkModel has a network linked by two types of nodes: discrete and continuous. A discrete node has a limited set of possible values and a continuous node has a continuous value represented by a continuous distribution.


Fig.2.  PMML for predictive model representation

It is noted that many models created by the ever-increasing new algorithms have not or may not be standardized. However, similar to the physical-product world, not every model is necessary to be standardized because it may only be used in a limited way. The current PMML standard has covered a broad type of models that can be individually used or be assembled to synthesize more complex models.

Fig.3.  A modular, hybrid LCA framework

Modular architecture design for analytics models 
Li et al. (2017) suggested two approaches for modularizing an analytics-model architecture. An analytics model can be derived from a parametric form , where  is a vector of a finite set of parameters,  is a vector of the future predictions, and  is the observed data. A regression model family is an example of parametric models. The model structure remains the same for all derivations in the family but the model parameters can be tuned for each instance trained by different datasets to achieve the optimal performance. This approach allows a model to be scaled as needed without changing the interfaces to the invoking processes. 
The combinatorial approach provides an alternative to create a model family member by adding, substituting, or excluding unit models or component models. The configuration based on component modules is essentially a constraint satisfaction problem (CSP) defined by a triplet (V, D, C) where V is a set of finite domain variables, D represents variable domains, and C represents a set of constraints that define restrictions on the possible combinations of variable values. This allows a complex analytics model to reuse verifiable unit or component models, instead of developing a monolithic model each time.
A modular hybrid LCA framework
As shown in Fig. 3, an LCA procedure can be decomposed along two dimensions: the product lifecycle stages and the LCA decision-making activities. The horizontal axis represents the material flow along the product lifecycle that begins with the raw materials gathering and ends at the point when all materials are recycled or treated as wastes. The dashed line indicates the lifecycle could be closed-loop. Each lifecycle stage involves a hierarchy of processes and activities. For instance, a product can include parts produced by different manufacturing methods (e.g., machining or injection molding).
The vertical axis represents the LCA decision-making system that takes product lifecycle data (geometry, material, production operations, maintenance, etc.) to reach multi-level LCA analyses. The scoring can be done for any individual activity, process, stage, or any aggregations.
The modular design of an analytics model architecture involves model structure (from the product perspective) and decision logic (from the decision perspective) decompositions. We employ PMML and DMN to establish a modular LCA framework that accommodates knowledge-based, data-driven, and hybrid models. The PMML standard is used to represent analytics models that have the standardized forms. For non-standard models, their original forms can be used and ad-hoc tools for interpreting and executing them can be invoked. The DMN standard is used to connect data, models, and the resultant decisions to form a decision network. We also use the ISO STEP standard and its extensions to represent and exchange the product lifecycle data in a LCA context (Li and Roy, 2014). The parsers for ISO STEP, DMN, and PMML are used to interpret the data/model encoded in the corresponding standardized formats.
An example: Implemenation based on Eco-Indicator’99
TABLE I.  Equations to Calculate Eco-Indicator’99 (Li and Roy, 2014)






Where
· RMW: The weight of a raw material
· PMW: The weight of a materials in production (by a specific process)
· DMW: The weight of a disposed material
· PW: The weight of the product
· EC: The energy consumption throughout the product life span
· LS: The life span years of the product in use
· HPY: The use hours per year of the product
· ER: the energy rating of the product
· D: The transportation distance
· MI: The material indicator
· PI: The manufacturing process indicator
· TI: The transportation indicator
· EI: The energy indicator
· DI: The disposal method indicator
· nm: The total number of materials in the product
· np: The total number of processes to produce the product
· nt: The total number of transportations to deliver the product
· ne: The total number of energy types the product consumes
· nd: The total number of disposal methods for the product


In an earlier study (Li and Roy, 2014), we formulated a lifecycle-stage-based mathematical form based on the Eco-Indicator’99 LCA method (Table I). The variables in the equations include the material amounts, production methods, transportation distances, disposal methods, etc., that are related and specific to a part/product instance. There is a coefficient (an indicator) for each component (e.g., production and disposal) of the equations. These coefficients (indicators) can be calculated or supplied by the chosen modeling techniques or databases.
Eco-Indicator’99 predefines the indicator value for each of the variables, based on the data available in the European region. These data can be readily used for comparison of product alternatives regarding the sustainability performance. If the target of a LCA study is outside the region, or some specific conditions have to be considered than the default assumptions, the practitioner has to calculate the appropriate indicators for the study. If the Eco-Indicator’99 could be implemented in the proposed modular LCA framework, it would benefit the practitioner by reusing existing knowledge-based, data-driven, or hybrid models when developing new proprietary models.


Fig.4.  A high-level DMN decision network based on Eco-Indicator’99

[image: ]
Fig.5.  A skeleton LCA model in PMML: an ensemble of Scorecard models

The variables and the equations in Table I can be translated into a modular data-model-decision network encoded in DMN, where some nodes are reused by (or are linked to) multiple nodes (Fig. 4). For instance, the Transportation assessment module can be used in different lifecycle stages. The top-level of the LCA model can be encoded as an ensemble of Scorecard models (Fig. 5). For example, the Production assessment module is a Scorecard model that takes the inputs including the material weight and the compatible Manufacturing process type, and outputting a production score (Fig. 6). The current PMML specification (version 4.3) has not provided standard support for external references, which may reduce its usability in the scenario where two or more models share unit or component models. A remedial solution is to use the XML/Include element to link a master PMML model to external PMML models, since the PMML is conforming to the XML (Extensible Markup Language) specification. We use this technique for the implementation in this paper (Fig. 5).
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Fig.6.  A Scorecard example for injection molding production



Fig.7.  Modular production sustainability assessment

Each module can be further decomposed and represented as a modular PMML model. For example, the indicators of machining and injection molding processes in the Production assessment module (designed as a combinatorial model) can be generated from a regression model and a Bayesian Network model, respectively (Fig. 7). These two individual models are then composed by implementing appropriate configuration rules as a Ruleset model.[image: ]
Fig.8.  LCA scoring results: part-level scoring and product-level scoring

This PMML-encoded LCA model can then be deployed and reused by any compliant platforms/tools that have implemented a PMML scoring engine. For a simple example, a stapler shown in Li and Roy (2014) consists of 14 parts. The LCA scores for the stapler in individual lifecycle stages (material, production, disposal, etc.) and the overall score can be obtained by feeding the stapler product data to the PMML-encoded Eco-Indicator’99 model. The product data can be obtained from its engineering bill-of-materials encoded in the ISO STEP format.
The results are shown as in Fig. 8, in which a PMML scoring engine is implemented in the proposed modular, hybrid LCA framework. The part-level scoring generates the scores for each individual part at its different lifecycle stages; the product-level scoring is particularly useful to evaluate the product’s sustainability performance in transportation or use stages. The results have been verified by comparing with the results from our previous study, but now we have the flexibility to reuse, improve, or replace the individual assessment modules.
Develop a Bayesian Network Model to Improve an Injection Molding Process
In this section, we show how our modular, hybrid LCA framework supports using data-driven modeling technique to improve the sustainability assessment to an injection molding process.
Injection molding SA and Bayesian Network
In the injection molding process, energy consumption has much greater environmental impact than emissions and wastes (Zhang et al., 2015). Several studies have attempted to quantify and measure energy consumption for the injection molding process. Weissman et al. (2010) used theoretical equations to obtain an estimate of the energy consumption for injection molded parts at the product design stage. Madan et al. (2013) proposed to calculate the theoretical minimum energy consumption for each of the four injection molding stages (i.e. melting, injection, cooling, and resetting) using theoretical equations. However, theoretical equations can only estimate the theoretical minimum values, which may lead to wrong estimation. Ribeiro et al. (2012) presented a much simpler theoretical thermodynamic model and another empirical model to estimate the energy consumption. Qureshi et al. (2012) proposed a regression model to predict energy consumption. But to carry out these estimations, all the required process parameters related to the part, machine, and material need to be captured beforehand. To sum up, the current energy consumption estimation approaches for injection molding have two major problems: (1) estimating only theoretical minimum values using equations; and (2) all the required parameters related to the part, machine, and material need to be available for the estimation. To address these problems, this paper uses a data-driven approach (i.e. Bayesian Network) to estimate the energy consumption of the injection molding process.
Bayesian Network (BN) is a popular method for modeling uncertain and complex domains (Uusitalo et al., 2007). This method requires historical or real-time data to be fed into an already built BN structure for learning the BN parameters. Sometimes, a BN structure can also be learned from the data. Nannapaneni et al. (2016) studied uncertainty quantification of a BN for evaluating energy consumption for the injection molding process. However, energy prediction was not emphasized in their work. In this paper, several advantages have been identified in using a BN to predict the energy consumption of the injection molding process. First, the BN is suitable for small data sets. To train a BN model for energy estimation, data from part design, mold design, material, and machine needs to be available. Although injection molding is one of the mass-production processes, the collected data targeting at different products/parts may be limited. Second, a BN allows efficient use of different sources of knowledge: knowledge provided by domain experts and the knowledge learned from data. The ability to learn a BN structure from data can help the user to identify new relationships between parameters, which in turn can be used for process improvement. Third, a BN can answer queries based on incomplete information. A designer may not possess all the information like the properties of the injection molding machine that will be used for producing the part. A BN can provide an estimate for a query considering nearly all possible values for that missing information based on the knowledge learned from data.
Data Generation
	To simulate the data generated from the real injection molding processes, a data generator has been developed. This data generator is based on the theoretical energy consumption equation to generate process parameter and energy consumption data. This data generator has also been validated against experimental data. We therefore assume the data generated from the generator is comparable to the real data from the injection molding process. Based on the four stages of the injection molding process, the theoretical energy consumption equations from Madan et al. (2013) are presented in Table II and parameters used in the equations are listed in Table III.
TABLE III.  Parameters for Data Generation
Name
Unit
Description


Maximum flow rate for injection


Average flow rate


Machine injection power


Injection pressure


Melting power


Specific density of polymer


Heat capacity of the polymer


Injection temperature


Initial temperature of the polymer


Heat of fusion


Volume of one shot including gating system


Volume of the part


Percentage shrinkage rate of the polymer


Percentage of volume used for gating system


Number of cavities


Energy consumption in melting


Energy consumption of injection


Injection time


Energy consumption in cooling


Ejection temperature


Coefficient of performance


Recommended mold temperature


Maximum wall thickness


Thermal diffusivity of the material


Energy consumption in resetting


Resetting time


Dry cycle time


Maximum depth of the part


Maximum clamp stroke


Energy consumption of a shot


Efficiency


Power consumption when the machine is idling


Cycle time


Energy consumption of a part


In this data generator, a total of 6 materials (HDPE, PET, PP, ABS, NYLON66, PC) and 6 machines (with different clamping forces) are used. Parameters like , , and  etc. are generated assuming uniform distributions. The data generated from the data generator has been validated against the experimental data from Ribiero et al. (2012).TABLE II.  Equations for Data Generation
Stage
Equations
Melting
, 



,  
Injection
,  
Cooling
,  
Resetting
, 
Whole Process


, 


Development and verification of the BN model
To develop the BN model, the bnlearn package (Scutari and Denis, 2014) in R is used. A BN structure is first learned from a dataset with 2000 entries using the Hill Climbing algorithm. After the BN’s parameters have been learned using the same data set, the prediction accuracy has been tested against a test data set. However, only 78% prediction accuracy is achieved (The method that tests the prediction accuracy will be discussed in following sections). This is because the learned structure may miss finding important relationships, and capture wrong/weak relationships instead. In order to improve the learned model, expert knowledge is used to identify the problems. 
The expert knowledge used in this study is extracted from the theoretical energy consumption equations listed in Table II. Though the theoretical equations can hardly capture all the relationships between the parameters related to energy consumption, the basic relationships as defined in the equations can provide useful insights of the injection molding process. So, a BN structure is created to capture the expert knowledge from the theoretical equations. An equation can be seen as defining the parent/child relationships for the parameters used in the equation. A parameter on the right-hand side of an equation is treated as the parent of the parameter presented on the left-hand side. Compared to this expert-created BN, some problems can be identified in the BN structure learned from data. The most typical error is that unrelated parameters are identified as having parent/child relationships. Some arcs mistakenly connect to nodes which share the same parent as the correct node does. Some arcs connect two totally unrelated nodes (e.g.,  and ). There are also missing arcs which are not captured.
To address these problems of the learned BN structure, a new learning procedure is implemented to iteratively learn and modify the BN structure. To avoid missing arcs, all the parent-child relationships defined in the expert-created BN structure are made as a whitelist and fed into the learning algorithm. A BN structure is then learned from the generated data set using the learning algorithm. If the learned BN structure contains wrong arcs, these arcs are added to a blacklist. The initial blacklist is also created from the expert's knowledge and it is short. That is because it is difficult to enumerate all the wrong/unrelated arcs before the learning process for a medium/large-sized BN. By using the iterative approach, the wrong arcs can be easily identified and handled during each iteration. With the whitelist and blacklist, the learning algorithm then learn again and this procedure is repeated until no wrong arcs are found in the BN structure. The final BN structure is shown in Fig. 9.
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Fig.9.  The final BN structure

The final BN structure is a hybrid structure with both discrete nodes and continuous nodes. In Fig. 9, the yellow nodes are the discrete nodes, the blue ones are the continuous nodes, and the green ones are continuous nodes with discrete parents. The continuous nodes in this BN are modeled using Gaussian distributions. After creating this BN structure, the BN’s parameters can be learned using the generated data. The same dataset of 2000 observations used for learning the BN structure is again used for learning the BN’s parameters. These parameters include the conditional probability tables (CPTs) for discrete nodes and continuous nodes with discrete parent(s), the means and standard deviations for modeling the Gaussian distributions of continuous nodes, and the coefficients for their continuous parents (e.g., 0.25000 for Ec in Table IV). Table IV shows examples of the CPT for a discrete node with no parent and the Gaussian distribution for a continuous node with continuous parents.
The average energy consumption for injection molding obtained from the simulated data is around 10000 kJ. A 90% prediction accuracy has been selected in this work to evaluate the performance of the developed BN model. So, a prediction value of a part’s energy consumption which is within the interval of [TrueValue-1000,TrueValue+1000] is considered as a correct prediction. The BN model is verified through querying for the probability of  (see Table III) that falls in the interval of [Ep-1000, Ep+1000], where Ep represents the energy consumption of a part calculated from the data generator. Because the  node in the BN model is a Gaussian node, probabilities of the intervals follow Gaussian distribution. So, if the probability of this interval is greater than those of other intervals, then this test case is passed. The passed results show that the probabilities of the [Ep-1000, Ep+1000] intervals are much greater than the probabilities of other intervals. A total of 100 cases have been tested and the passing rate is 86%. 
TABLE IV.  Examples of a CPT and a Gaussian Distribution
Node: Material
Node: Er
States
Probability
Parents
Gaussian Distribution
ABS
0.166886

Er ~ N (-3.00184e-05 + 0.25000Ec + 0.24999Einj + 0.24999Em, 0.031489)
HDPE
0.167802
Ec

NYLON66
0.16657
Einj

PC
0.165854
Em

PET
0.166618


PP
0.16627
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Fig.10.  Comparison of the prediction accuracy between the purely learned model and expert-guided learned model

Regarding the remaining 14% cases with prediction failures, Fig. 10 shows the comparison of the prediction accuracies between the purely learned model (blue lines) and the expert-guided learned model (yellow lines). The green lines show the same predictions from both BN models. The “0” prediction interval contains the correct predictions while the others indicate the failed predictions. The figure shows that though failure cases exist, the deviation of the prediction from the true value is not large (i.e. all the failed predictions fall within the [-1,1] intervals). It can also be observed that no specific  range (horizontal axis) has much more failures than others. Similar observations are made for other parameters such as , , , etc. So, no specific failure pattern is found.
Deployment of the BN model in PMML
	As discussed in previous sections, the standardized PMML model is used to incorporate the developed BN model in the modular, hybrid LCA architecture. The PMML-based BN model can then be used for platform-neutral model exchange among different software tools. In this study, the newly published BN specification in the PMML 4.3 standard (PMML 4.3 – Bayesian Network Models) has been used. To better visualize the parameters of the BN model (e.g., CPTs, Gaussian distributions), a graphical user interface based tool – GeNIe Modeler (by BayesFusion) is also used to handle the PMML-based BN model. Parsers have been developed to export the BN model from R into the PMML-based model, and to translate the PMML-based BN model into another xdsl format, which can then be read in GeNIe. Four types of nodes in the BN model are captured by the PMML: (1) discrete nodes with no parent; (2) continuous nodes with no parent; (3) continuous nodes with discrete parent(s); and (4) continuous nodes with continuous parent(s). Examples of a discrete node and a continuous node in the PMML are shown in Fig. 11. The prediction accuracy of the BN model in GeNIe is also tested and similar results are obtained.
[image: ]
Fig.11.  Examples of a discrete and a continuous node represented in PMML

BN model scoring
	Using the established BN model, queries for the energy consumption of the two injection molded parts (i.e. Base & Handle Pad, see Fig. 8) in the stapler product have been carried out. The Eco-Indicator’99 predefines the energy indicator value of 21 million-points (a normalized value) for using injection molding to produce a part using one kg of PE, PP, ABS, or PS (without considering the production of the raw materials). To convert the energy consumption values in kJ to the Eco-Indicator’99 equivalent indicator, we assume that

where  is in million-points and  is in . This results in . Besides, this calculated indicator based on energy consumption values is comparable to the real Eco-Indicator, since the predefined injection molding indicator in Eco-Indicator’99 only considers energy consumption as well. For the staple’s Base and Handle Pad parts, we also assume that the numbers of mold cavities are both 40. From querying the BN model and using the above assumed equation, the calculated indicator obtained for the Base part is 4.5 and the indicator for the Handle Pad is 26.6. Compared to the average value 21 for the injection molding process in Eco’99, these two calculated indicators show the advantage of using the proposed modular, hybrid knowledge-based and data-driven LCA approach. The advantage is that the calculated indicator can truly reflect the real energy consumption of the injection molding process given different product design, mold design, material selection, and process parameters.
Remarks
When using the expert knowledge to judge the BN structure learned from data, more problems are identified other than the wrong arcs and missing arcs problems. These problems include: (1) arcs tend to indirectly connect related nodes; (2) there are arcs being wrongly directed. These problems are not errors that need to be corrected, instead they are considered as differences between the learned structure and the expert-created structure. The prediction accuracy of a BN model learned based on the expert-created structure (only parameters are learned) is also tested, and it shows slightly worse performance than the performance of the purely learned BN model. By cross-comparing the model structures and the prediction performances among the purely learned model, the expert-created model, and the expert-guided learned model, it is concluded that the arcs connecting indirectly related nodes capture additional relationships. Accordingly, the expert-guided learned model (mixing expert knowledge and data mining knowledge) improves the prediction accuracy. 
It is interesting to observe that even though the BN model has been well represented by the PMML, more information needs to be added to the xdxl file so that the model can be recognized and executed in GeNIe. The information is visualization-related, including color, font properties, and position for each BN node. This is because GeNIe is a graphical user interface based tool, which requires such information. 
Conclusion
LCA has been an effective approach for sustainability assessment of a product and its related processes. It involves collecting inventory data and modeling processes related to each of the product lifecycle stages and in various abstract levels. Oftentimes, the lack of understandings of the physical processes makes it challenging to achieve a reliable sustainability assessment. Data-driven modeling has emerged as a complementary approach that takes advantage of machine-learning techniques to embellish the current practices based on expert knowledge.
In this paper, we advocate a modular, hybrid framework where both the top-down knowledge-based models and bottom-up data-driven models can be accommodated for and combined at different abstract levels in assessing sustainability. Three well-adopted standards – the STEP, DMN, and PMML are employed to capture the product-related data/information, to decompose the decision logics of the LCA-related analytics models, and to represent the individual analytics models. With the modular LCA framework, an Eco-Indicator’99-based LCA is implemented as an ensemble of Scorecard models for individual lifecycle stages. Each sub-analytics model has been treated as an ensemble of lower-level models.
The framework is implemented and verified using a stapler with two parts produced by injection molding processes. The energy consumption is assessed by an overall modular Scorecard-based LCA architecture embedded with a Bayesian Network energy prediction model. The development of the BN model makes use of domain expert knowledge to iteratively guide the BN machine-learning process. The hybrid model improves the prediction accuracy of the BN model. Finally, the model is deployed into the modular, hybrid LCA framework using the standard PMML specification. This study also discusses and suggests potential improvements that could be made to the PMML specification for the ensemble model and for the Bayesian Network model.
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PartLevel Scoring ProductLevel Scoring  Visualization

Part WEIGHT | Material (Original) MATERIAL PRODUCTION_PROCESS DISPOSAL METHOD EI_SCORE |MATERIAL SCORE PRODUCTION SCORE  DISPOSAL SCORE
Base Pin 0.00077 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 149.0 185.0 18.0 540

Anvil 0.03957 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS |7637.0  |9497.0 9100 -2770.0

Base 003841 |PET PET INJECTION MOULDING - 1 MUNICIPAL WASTE PET 154410 [14596.0 807.0 380

Carrier 0.02608 | Chrome Stainless Steel STEEL HIGH ALLOY |ELECTROLYTIC CHROMIUM PLATING |RECYCLING FERROUS METALS [50505.0  |23733.0 28688.0 -1826.0

Push 0.00326 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 629.0 782.0 75.0 2280

Spring Rod Guide [0.00051 |Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 98.0 1220 120 -36.0

Spring Rod 0.00624 | Cast Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 1204.0 1498.0 1440 4370

Handle 00323 |Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS 62340  |7752.0 743.0 -2261.0

Handle Pad 0.00558 | ABS ABS INJECTION MOULDING - 1 MUNICIPAL WASTE PET 23550 (22320 117.0 6.0

Hammer 0.00891 | 1023 Carbon Steel Sheet (SS) | CAST IRON PRESSING RECYCLING FERROUS METALS 17200 21380 205.0 -624.0

Carrier Lock 0.00092 | Chrome Stainless Steel STEEL HIGH ALLOY |ELECTROLYTIC CHROMIUM PLATING |RECYCLING FERROUS METALS [1785.0  |837.0 1012.0 -64.0

Hammer Rivet |0.0001  |Brass COPPER. PRESSING RECYCLING ALUMINIUM 700 140.0 20 720

Lock Plate 0.00018 [Brass COPPER. PRESSING RECYCLING ALUMINIUM 127.0 252.0 40 -130.0

Hinge Pin 0.00185 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS |357.0 4440 3.0 1200
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PartLevel Scoring ProductLevel Scoring  Visualization

Part WEIGHT | Material (Original) MATERIAL PRODUCTION_PROCESS DISPOSAL METHOD EI_SCORE |MATERIAL SCORE PRODUCTION SCORE  DISPOSAL SCORE
Base Pin 0.00077 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 149.0 185.0 18.0 540

Anvil 0.03957 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS |7637.0  |9497.0 9100 -2770.0

Base 003841 |PET PET INJECTION MOULDING - 1 MUNICIPAL WASTE PET 154410 [14596.0 807.0 380

Carrier 0.02608 | Chrome Stainless Steel STEEL HIGH ALLOY |ELECTROLYTIC CHROMIUM PLATING |RECYCLING FERROUS METALS [50505.0  |23733.0 28688.0 -1826.0

Push 0.00326 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 629.0 782.0 75.0 2280

Spring Rod Guide [0.00051 |Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 98.0 1220 120 -36.0

Spring Rod 0.00624 | Cast Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS | 1204.0 1498.0 1440 4370

Handle 00323 |Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS 62340  |7752.0 743.0 -2261.0

Handle Pad 0.00558 | ABS ABS INJECTION MOULDING - 1 MUNICIPAL WASTE PET 23550 (22320 117.0 6.0

Hammer 0.00891 | 1023 Carbon Steel Sheet (SS) | CAST IRON PRESSING RECYCLING FERROUS METALS 17200 21380 205.0 -624.0

Carrier Lock 0.00092 | Chrome Stainless Steel STEEL HIGH ALLOY |ELECTROLYTIC CHROMIUM PLATING |RECYCLING FERROUS METALS [1785.0  |837.0 1012.0 -64.0

Hammer Rivet |0.0001  |Brass COPPER. PRESSING RECYCLING ALUMINIUM 700 140.0 20 720

Lock Plate 0.00018 [Brass COPPER. PRESSING RECYCLING ALUMINIUM 127.0 252.0 40 -130.0

Hinge Pin 0.00185 | Plain Carbon Steel CAST IRON PRESSING RECYCLING FERROUS METALS |357.0 4440 3.0 1200
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