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Understanding how different units of an industrial production plant are operationally related is key to improving production quality and sustainability. Data science has proven indispensable in obtaining such understanding from vast amounts of historical process data. Path modelling is a valuable statistical tool to obtain such information from historical production data. Investigating how relationships within a process are affected by multiple production conditions and their interactions can however provide an even deeper understanding of the plant’s daily operation. We therefore propose conditional path modelling as an approach to obtain such improved understanding, demonstrated for a milk protein powder production plant. For this plant we studied how the relationships between different production units and steps are dependent on factors like production line, different seasons and product quality range. We show how the interaction of such factors can be quantified and interpreted in context of daily plant operation. This analysis revealed an augmented insight into the process that can be readily placed in the context of the plant’s structure and behavior. Such insights can be vital to identify and improve upon shortcomings in current plant-wide monitoring and control routines.
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INTRODUCTION
Industrial (bio)chemical processes need to be monitored and controlled well to guarantee sustainable and high-quality production despite variations in external factors such as raw materials, weather, plant operators, equipment maintenance and customer wishes. A deep understanding of how the production plant operates under and responds to these conditions is crucial for the development of accurate process monitoring and control strategies. To considerable extent, such understanding follows from first-principle knowledge. In practice, however, influences of external factors on the production, daily operation of the plant cannot be described completely by these first principles. Multivariate statistical analysis of historical production data can therefore reveal an augmented insight into the process, as this data does reflect the daily and real operation rather than the engineered operation.
Examples of statistical modelling methods that are widely used for this purpose are Principal Component Analysis (PCA), Partial Least Squares (PLS), Support Vector Machines (SVM) and Artificial Neural Networks (ANN) (MacGregor & Kourti, 1995; Qin, 1997; Kourti, 2005; Cuentas et al., 2017). These methods are often employed for process fault diagnosis through multivariate control (Shewhart) charts and for predicting difficult-to-measure production indicators, such as product quality, from easy-to-measure process variables (soft-sensoring) (Bersimis et al., 2007; Kadlec et al., 2009). Though these methods can be used to quantify the relationships between individual process parameters and variables, they provide limited higher-level insight into the relationships between different production units, as limited higher-level structural knowledge about the plant is employed.
The use of path analysis or structural equation modelling methods to industrial data analysis is therefore becoming increasingly popular, as these methods explicitly model the valuable information about relationships and can be considered explainable artificial intelligence (Höskuldsson et al., 2007; Gade et al., 2019). In general, path analysis methods estimate the directional statistical relationship between groups of measured variables. For industrial data, grouping process variables by the production unit in which they are measured thus allows for the estimation of how much operations of different production units are mutually related. This incorporates the physical structure of the production plant in the analysis of the data, of which the results in turn can be interpreted in the context of that structure (van Kollenburg G. H. et al., 2020).
Different methods for path analysis exist, including PLS-path modeling (Hair et al., 2011), sequential and orthogonalized PLS-path modeling (Romano et al., 2019), sequential multi-block PLS (Lauzon-Gauthier et al., 2018), multiblock kernel PLS (Zhang et al., 2010) and network PCA (Codesido et al., 2020). PLS-PM in particular is a well-established method in social sciences, but its high value for modelling industrial production data is also already demonstrated (van Kollenburg G. H. et al., 2020). Another path analysis method that has been developed very recently, is Process PLS (van Kollenburg et al., 2021). This method improves upon the mathematical limitations of PLS-PM and is better suited to model the complexity and heterogeneity of industrial production data as a network.
Process PLS is more appropriate for path modelling industrial data than alternative methods for three main reasons. Firstly, it can model multiple latent variables per group of process variables, in contrast to for instance PLS-path modeling. It can thus describe multiple sub-processes per production step, which are present for most industrial processes. Secondly, it can cope with the multicollinearity that the process variables of production steps often show (Guo et al., 2019). This gives rise to a more accurate estimation and better interpretability of the relationships between the production steps. Lastly, Process PLS (like PLS-path modeling but unlike for instance sequential and orthogonalized PLS-path modeling) does not require any a priori (importance) ranking to be imposed on the production steps, which in practice is difficult to do even for process experts (van Kollenburg et al., 2021a).
The relationships estimated with path modeling give much insight into the structure of the plant. Their sizes may even be related to an external production factor that is not directly included in the model, such as production cost (van Kollenburg G. H. et al., 2020). An even more exhaustive understanding of a plant’s behavior can however be obtained by quantifying how the process relationships are affected by multiple, possibly interacting operating conditions, such as production season, year, parallel lines or product quality ranges. Such an analysis yields an elaborate insight into how the plant’s operation is different under different combinations of production conditions. This allows process operators and engineers to even better steer the plant to cope with production variations caused by those multilevel conditions.
This paper presents a systematic approach for performing such a conditional path analysis on historical production data, using Process PLS. The work focuses on the use of Process PLS for such modelling, and a comparison to conditional modelling using alternative path modelling methods is out of scope for the current work. A large dataset from an industrial-scaled milk protein powder production plant is separated based on one or more operating conditions, after which each data subset is modelled and quantitatively compared. A thorough discussion of how the results of the analysis can be visualized, interpreted and communicated with and among process operators and engineers is provided.
METHODS AND DATA
Process PLS
A Process PLS model comprises two user-defined parts: the inner (structural) and outer (measurement) model. A production plant’s structure can be modelled by grouping of the process variables ([image: image]) in the outer model according to the production units (or production steps). A group of variables is then called a block. The inner model defines which directional relationships are estimated between which production steps. For each unit, one or more latent variables ([image: image]) are constructed to represent the major sources of covariance between the process variables of blocks which are connected in the inner model. The contribution of a process variable to specific latent variables for that unit are called weights ([image: image], in some literature also referred to as [image: image]). Effects of the latent variable on other latent variable in the inner model are represented as explained variances ([image: image], i.e. ‘rho-squared’). The design of a Process PLS model is similar to that of a PLS-PM model, and is visualized in Figure 1 for an example process. The relationships in the inner model may represent for instance a direct physical connection (piping), indirect connection between similar variables being measured at different locations), or feedforward control loops. As only recursive (non-cyclic) pathways can be modelled, feedbacks of either (intermediate) product or operation control actions cannot be directly modelled, but the process set points of a control scheme and/or the level of (intermediate) product feedback may for instance be used as a variable in the Process PLS outer model.
[image: Figure 1]FIGURE 1 | The design of a Process PLS model for an example two-step production process. The input and product are also modelled as steps in order to estimate their relationships to the two production steps.
Estimation of a Process PLS model is done by iteratively optimizing a network of PLS-models using the SIMPLS-algorithm (de Jong, 1993). First, the dimensionality of the blocks is reduced to obtain estimates for the latent variables which maximize the covariance between interconnected blocks through a set of PLS2 regressions, one for each block of variables. To estimate the latent variables of a given step with PLS2, the process variables of that step are used as predictors and the process variables of all steps that step has a relationship to are used as responses. Only when a step has only incoming relationships, the process variables of the steps that have a relationship to that step are used as predictors and the process variables of the step itself are used as responses. The number of latent variables per block can be manually fixed if desired or optimized by internal cross-validation (which is the default in the software implementation used for the results in this paper, see Software). The process variable weights ([image: image]) are effectively the contributions of the variables to the relationships modelled by these PLS models. After the latent variables are estimated, a second set of PLS regressions is performed to estimate the relations in the inner model. The strengths of these relationships ([image: image]) are calculated from the PLS2 regression coefficients and represent the fraction of variance that the latent variables in a predictor block can explain in the response block. As Process PLS does not take into account process dynamics like mechanistic modelling approaches, knowledge about the kinetics of the process are not required for modelling. More details on the Process PLS method may be found in (van Kollenburg et al., 2021a).
Demonstrator Process
The industrial production facility investigated is a well-controlled plant that produces milk protein powder from skim milk. The skim milk is heated, after which it is subjected to two precipitation steps. The resulting curd is washed, dissolved in an alkali solution, and finally dried to a powder. The critical product quality indicator for the protein powder is the mineral content, which should be as low as possible. More details on milk powder production can be found in the dairy processing handbook (Bylund, 1995).
Data Collection
The data used in this study corresponds to three parallel production lines and three consecutive production years, and was not originally collected for other purposes than the current study. The data comprises 51 process variables, which are the same for the different production lines and are distributed across the processing steps as given in Table 1. All variables represent physical measurements, and not setpoints or production status values. Only data from effective production time was used in the current analysis. The variable representing the product quality is the mineral content mentioned earlier, which is measured at-line at a relatively low frequency (hourly basis). The variable on incoming milk is also measured at similar frequency. All other variables are process variables such as temperatures, pressures and flow rates, and are measured in- or on-line at high frequency. The specific identities of these variables will not be disclosed as they are not relevant for the conclusions in this paper.
TABLE 1 | Number of samples and variables of the data collected for each of the three production lines, after synchronization and cleaning as explained in Data preparation.
[image: Table 1]Data Preparation
Because the process variables are measured at separate locations and at different time intervals, the collected data had to be synchronized to obtain a multivariate dataset that can readily be analyzed. The high-frequency process variables were synchronized to the low-frequency product quality variable using median-filtering with a 3 h wide window, systematically selected as optimal synchronization (Offermans et al., 2020). This method also allows for a small degree of process dynamics to be included in the modelling procedure, as each synchronized sample represents the measurements done in the 3 hours before its sampling time. Time-lags between individual process variables are not taken into account. For the relative low-frequency measurements on incoming milk, the most recent measured value was matched to each mineral content sample. Missing values can be and were present after the synchronization procedure, and were imputed by replacing them by the median of the values that were present (Souza et al., 2016). This was done per production line and per production variable. Outlying samples were detected per production line using the multivariate Hotelling’s [image: image]- and [image: image]-statistics calculated from PCA models explaining at least 70% variance of the autoscaled data. Samples for which at least one statistic was over three standard deviations removed from the median were removed (Varmuza and Filzmoser, 2016). The number of samples obtained after the data collection, synchronization and cleaning are given in Table 1.
Path Modelling Conditional to Single Operation Conditions
The first part of the study focused on investigating the effects of the individual production conditions separately on the process relationships. The three (multilevel) conditions that were explored are production line, production season and product quality. All data was for instance only separated according to the three production lines. For separating the data into seasons, meteorological seasons were used as these are identical for each year. The mineral content values were used to separate the data into three relative product quality ranges. The boundaries of these ranges were set at the 1st and 2nd tertiles to ensure comparable sample sizes for all models, as is illustrated in Figure 2. As mentioned before, a low mineral content value indicates a high-quality production.
[image: Figure 2]FIGURE 2 | Ranges for the product mineral content measurements used to separate the data based on product quality.
Each data subset was individually modelled with Process PLS, using the same inner and outer model specification for each model. The directional relationships between the production steps that were estimated using Process PLS are illustrated in Figure 3. The inner model, shown in Figure 3, was specified according to two criteria introduced by van Kollenburg et al. (van Kollenburg G. H. et al., 2020). Firstly, relationships of each step on the subsequent step are included (counter-clockwise, starting from the top, in Figure 3). These represent the physical architecture of the plant and the flow of the process (piping). Secondly, direct relationships of each production step on the product-variables and thus the product quality are included. The outer model, which relates the process variables to the different production steps, was specified based on the physical location of each process variables. The number of variables per step thus are reported in Table 1.
[image: Figure 3]FIGURE 3 | Inner model specification used for path modelling of the milk protein powder production process.
The number of latent variables considered for each block/step was optimized using the default cross-validation procedure in the Process PLS implementation used (‘pathmodelr’). Before modelling, all individual process variables were autoscaled to have zero mean and unit standard deviation, after which the process variables are collectively but per step rescaled so that each step has a sum of squares of 1. This is the default procedure by pathmodelr. All remaining modelling settings were also kept at their default values. To estimate the precision of the modelled process relationships, each Process PLS model was subjected to a non-parametric bootstrap with 200 replicates (Johnson, 2001).
Path Modelling on Multiple Production Conditions
For the second part of the study, the full data was separated on all production conditions at once, following a full factorial design. Each data subset was modelled using Process PLS, to calculate the process relationships for each possible combination of production conditions. Three-way ANOVA analyses were used to estimate the main and interaction effects of the production conditions on each separate process relationship and process variable weight (Huitson et al., 1976). This allows for the investigation of interactions between the production conditions on the process relationships, for instance between production season and line. The boundaries for the quality ranges were, as before, set relatively at the 1st and 2nd tertiles. They were set per combination of line and season, to ensure sufficient samples in each experiment for reliable modelling. The design matrices for the experimental design and the sample sizes for each experiment (and thus Process PLS model) are shown in Supplementary Table S1 in the supplemental material.
The modelling and bootstrapping procedure for each data subset (full factorial design experiment) was identical to that used before while investigating the separate production conditions. The three-way ANOVA analyses were performed on the mean results found after bootstrapping. A False Discovery Rate (FDR) correction was applied to the [image: image]-values obtained with ANOVA using the method proposed by Benjamini and Hochberg to adjust for multiple testing errors (Benjamini and Hochberg, 1995). This because the relationships and dependencies identified with the proposed analysis may require further investigation by plant personnel, which is time and cost intensive. As such, false positives (type I) errors are more harmful and less desirable than false negatives (type II) errors.
A schematic overview of the different data preparation, separation, modelling and interpretation steps performed as part of the presented study on conditional path modelling is shown in Figure 4.
[image: Figure 4]FIGURE 4 | Schematic overview of the conditional path modelling analyses presented.
Software
Data preparation was done using MATLAB R2017a (MATLAB, 2017). Modelling data with Process PLS was done in R, using the pathmodelr package version 0.1.2 (Team R Development Core, 2018; van Kollenburg G. H. et al., 2020).
RESULTS AND DISCUSSION
Path Modelling Conditional to Single Operation Conditions
Figures 5A–C show the primary modelling results found after partitioning the complete data only on either production line, production season or product quality range (respectively). Shown are the proportions of variance explained ([image: image]) for each relationship in the inner model (as shown in Figure 3). These values quantify the directional relationship between the production steps. Shown per relationship are the mean values over the 200 bootstrapping replicates. The 99% confidence intervals are plotted as error whiskers but are for many results too small to discern. This indicates that the results have high precision and attests that Process PLS is a robust method for statistical modelling of industrial data.
[image: Figure 5]FIGURE 5 | (A–C): Size of process relationships in terms of fractions of explained variance (P2), as found when using Process PLS modelling on either separate production lines (A), or production season (B), or product quality range (C). The bars represent the means and the whiskers represent the 99% confidence intervals over 200 bootstrap replicates.
The results in Figures 5A,B give insights into the relationships within the process, and how they differ under various production conditions. Firstly, they show which relationships are overall strongest. For this process, the relationship from Prec1 to Prec2 is in general the strongest, irrespective of production line, season, or product quality range. These steps are likely strongly related because they have a similar function in the process. From all the production steps, Washing relates strongest to Product under most conditions. This indicates that Washing may be the most influential step for the product quality, and future optimization efforts should be directed to this step. Importantly, Milk in general only relates to Product. Though this may sound counter-intuitive, it indicates that variations in Milk do not influence the production quality. In turn, this supports the notion that the process is well-controlled and that stable production quality is achieved despite raw material variations.
Results from the conditional modelling show that the relationship between Prec1 and Prec2 is weaker for production line B than for the other production lines (Figure 5A). This indicates that the operation of Prec2 is less related to that of Prec1 in line B than in the other lines. Additionally, the relationship between Prec2 and Product is stronger for line B than for the other lines, indicating that variations in Prec2 are related to variations in Product. In a production process with a focus on constant quality, this results may be an important focus for follow-up investigations.
Separating the data only on production season (Figure 5B) reveals that the Prec1 relates stronger to Product in the winter, while Prec2 relates stronger to Product in the summer. This indicates that the focus of process control is different for the seasons, for instance because seasonal variation manifested in the raw material or weather influences the Prec1 and Prec2 steps differently. This is supported by Prec1 → Prec2 being lower in summer and higher in winter.
When looking at the different product quality ranges (Figure 5C), it is interesting that Washing → MeltMaking increases and MeltMaking → Drying decreases with decreasing product quality. This suggests that higher quality product is obtained when the operation of MeltMaking is more aligned with that of Drying (the step after it) than with that of Washing (the step before it). This should be further investigated, as it could indicate that aligning the MeltMaking settings with that of Drying instead of Washing leads to structurally higher production quality.
The results in Figures 5A–C give already much insight into the process but understanding of the process can be augmented by evaluating the weights ([image: image]) of the process variables in the Process PLS models. As an example, Figure 6 shows the weights for the variables corresponding to Prec1 and Prec2 in the models obtained after separating the data on production line alone. These weights represent the contributions of the process variables on the latent variables of their respective block. As previously discussed, the relationship between Prec1 to Prec2 is weaker for line B than for lines A and C (Figure 5A). Because Prec2 V2 has a particular high weight in the model of line B, plant operators and engineers could be advised to investigate the operation of this variable further. It likely has a characteristic behavior unique in line B that causes the operation of Prec2 to be less related to Prec1 which, as discussed earlier, may influence the product quality.
[image: Figure 6]FIGURE 6 | Weights (R) of the process variables of Prec1 and Prec2 in the different Process PLS models trained per production line. The bars represent the means and the whiskers represent the 99% confidence intervals over 200 bootstrap replicates.
This example illustrates how variable weights should be interpreted, and how investigating these may aid process operators and engineers in optimizing monitoring and control of a production plant. The variable weights can provide much more information, but discussing all of them for the process in this paper is of limited value, as their identities are disclosed. The weights of all variables for all models are given in the supplementary materials in Supplementary Figures S1A–C for the interested reader but are not discussed further here.
Path Modelling Conditional to Multiple Operation Conditions
Figure 7 displays the results of analyzing each combination of the three production conditions according to a full-factorial experimental design with the same Process PLS model and analyzing variations in the model parameters using an ANOVA. Note that this experimental design is applied to data that is already measured, and that is no further measurements are collected according to that design. As many PLS regressions are calculated during this experiment, 936.000 to be exact (36 production condition combinations, 13 inner relationships, 10 cross-validation repeats and 200 bootstrap repeats), it should be noted that the computation time for obtaining the results as presented in this manuscript is around 18 min when using a desktop computer with an Intel Core i7-7900 K processor. Although significant, this computation time should not be limiting for the use of the proposed methodology as a tool for off-line exploration of historical data. The number of cross-validation repeats and/or bootstrap repeats could be reduced to save computation time on slower systems, but the robustness of the models should be checked with additional care.
[image: Figure 7]FIGURE 7 | FDR-corrected[image: image]-values obtained by performing three-way ANOVA on the fractions of explained variance (P2) found with Process PLS according to the full factorial conditional path modelling approach. A low[image: image]-value signifies a low probability that the process relationship size is comparable under different (combinations of) production conditions.
Shown in Figure 7 are the FDR-corrected [image: image]-values of each three-way ANOVA that was performed per modelled process relationship size (in terms of mean explained variance, [image: image], over bootstrap replicates). These results thus represent the inner path model. The [image: image]-values quantify the probability of the relationships sizes being identical regardless of a certain condition (e.g. ‘Line’) or interaction of conditions (e.g. ‘Line*Season’). Thus, a very low [image: image]-value indicates that relationship is significantly different for at least one (combination of) production conditions. This visualization offers a comprehensive view of the conditional path modelling results, while also quantifying statistical significance as it is not subjective to visual interpretation.
The results of the first part of the study (discussed above) showed that the individual production conditions do effect the process relationships. The results in Figure 7 confirm such primary effects. All but three process relationships are, for instance, different for at least one production line. The ANOVA results however also show that there are many interactions of these production conditions. The relationship size of MeltMaking to Drying is for instance dependent on both the production season and line individually ([image: image]-values < 0.01), but there is also a significant interaction of these two operation conditions for that relationship. This indicates that the relationship size between MeltMaking and Drying not only differs for the seasons, but that the way in which they differ for the seasons in turn also differs for the production lines.
The results found for Prec1 → Prec2 when separating the data on single conditions, which were elaborately discussed in Path modelling conditional to single operation conditions, seem to contradict the main effects for the single conditions found with ANOVA when separating the data on all conditions. Prec1 → Prec2 was concluded to be different for the production lines and seasons (Figures 5A,B), but these conditions show relative high [image: image]-values for Prec1 → Prec2 in Figure 7 (0.13 and 0.7, respectively). The results in Figure 7 thus suggest that Prec1 → Prec2 is not likely different for at least production line or for at least one production season. Such apparent contradictions are caused by the interactions of the production conditions: the ANOVA results do suggest a large interaction between production line and season, signified by a relative low [image: image]-value (<0.01). This means that the production line and season are affecting this relationship, but that they are not doing so independently. Such information is highly valuable, as future efforts to make this step more robust against seasonal variations should thus be done per production line. Being able to quantify such interactions underlines the value of conditional path modelling while separating the data on all combinations of production conditions.
Figure 8 gives the results of the three-way ANOVAs performed on the individual process variable weights ([image: image], averaged over bootstrap replicates), when modelling the data while separated on all production conditions simultaneously (full-factorial). These [image: image]-values are also FDR-corrected. The results represent the outer path model and can be similarly interpreted as the results in Figure 7, and supplement those results to extract more process-specific information. For instance, the relationship size of Washing to Product was found to be relatively strong in general (Figures 5A–C), and was found to be highly dependent on the production line (Figure 7). This makes Washing an interesting step to investigate further, or even experiment with. That analysis could then be advised to focus on variable Washing V1, of which the operation is dependent on the production line alone, but also on the interactions of both the production season and quality range with the production line. This variable is thus likely largely responsible for the dependencies of Washing → Product on the production conditions. This observation and the ones discussed above exemplify the insight that conditional path modelling gives into the relationships within a production process. Much more process-specific information can however still be extracted from these results, especially by or while consulting with process operators and engineers that are experienced in controlling the process on a daily basis.
[image: Figure 8]FIGURE 8 | FDR-corrected[image: image]-values obtained by performing three-way ANOVA on the process variable weights (R) found with Process PLS according to the full factorial conditional path modelling approach. A low[image: image]-value signifies a low probability that the process variable weight is comparable under different (combinations of) production conditions.
For this demonstration, data was available for each combination of production conditions, but this may not be the necessarily hold for other production facilities. One parallel line may for instance never be used during winter, leading to a missing experiment in the design. In such cases, ANOVA may still be used to analyze the path modelling results, but Type I sums of squares should be used rather than Type III sums of squares. Alternatively, if including one operation condition causes too many missing experiments, it may be better to remove it altogether from the analysis. A parallel line that is only used during winter is for instance less insightful to include, and could be excluded from the analysis. Another solution could be to adapt the Process PLS model specification and include the operation condition as a process variable. It should furthermore be ensured that enough samples are present for each of the experiments to enable a reliable estimation of the process relationships with Process PLS for the corresponding combination of production conditions. A minimum of 30 samples is used for the demonstration given and is advisable, but the robustness of the fitted process relationships should in any case be assessed by analyzing the bootstrapping results as the minimum number of samples required will be process-specific.
CONCLUSION
This study presented a systematic approach for conditional path modelling of industrial production data using Process PLS, and demonstrated its value for a milk powder production facility. The approach consists of separating historical data based on one or more operation conditions, and modelling and comparing each of those datasets. This can be used to investigate how the statistical relationships between the production steps of a plant vary for, for instance, different production lines, seasons and quality ranges, and which of the measured process variables in those steps are most correlated to this behavior. An unprecedented high level of process expert knowledge on the structure and operation of the plant can thus be incorporated in the analysis of large historical datasets. Results for conditional modelling on a single production condition at a time and on all production conditions simultaneously were presented. The latter requires more data for stable modelling, was shown to be preferred as it allows for the quantification of interaction effects of the production conditions on the process relationships. Such interactions were present for the demonstrator process, and interpreting them gave a very detailed insight into the plant operation. These insights can both confirm and expand the current understanding of the process. This is of high value to process operators and engineers, who can use this improved understanding to pinpoint shortcomings in the current process monitoring and control strategy. Although only demonstrated on a continuous process in the current work, conditional path modelling may also be of great value for (batch-like) process with multiple production stages by considering those stages as a production condition. Ultimately, conditional path modelling can help in making production plants less prone to variations in external operating conditions, and in increasing product quality even for production plants that are already considered well-controlled.
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