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[bookmark: Xd336b44c905d71aedd3585b6a9f664df7edfde7]Materials & Methods - Comparison of different algorithms
We examined the influence of segmentation on particle size measurements by using two different software, i.e., FIJI ImageJ 1.53c [1, 2] and the software provided by the manufacturer of a digital microscope (see details below).
For this, microplastics were first produced at the Institut für Kunststofftechnik (University of Stuttgart, Stuttgart, Germany). They were made of the following plastic types: low-density polyethylene without any additives (LDPE; Lupolen 2420 H, LyondellBasell Industries N.V., Rotterdam, Netherlands) and a biodegradable blend of poly(butylene adipate-co-terephthalate) (PBAT; EcoflexⓇ F Blend C1200, BASF SE, Ludwigshafen, Germany) and poly(lactic acid) (PLA; IngeoTM Biopolymer 7001D, NatureWorks LLC, Minnetonka, MN, United States) (63.5 % PBAT, 10 % PLA, 17 % chalk, 8 % talc, 1% adhesive, 0.5 % anti-blocking agent). The technical data sheets for these plastics can be found below. The PBAT/PLA blend was compounded by extrusion of PBAT and PLA pellets using a twin-screw extruder without using any additives. Frozen pellets (liquid nitrogen, −196 °C) of both plastic types were grinded with a speed rotor mill (Pulverisette, Fritsch GmbH, Idar-Oberstein, Germany). The milled particles were fractionated with stainless steel sieves to obtain the particle size fraction of < 20 µm. The prodcued microplastics were of white color.
Then, the particle characteristics of LDPE and PBAT/PLA were measured via static image analysis [3]. The bulk was mixed for one minute before each of the three subsamples was taken by scooping. Microplastics were then sieved through a mesh size of 100 µm into clean Petri dishes (diameter 10 cm) to reduce the extent of touching and overlapping particles [4]. They were imaged with a digital microscope by constructing a montage of adjacent Z-stacks (KEYENCE VHX-7000, E20 objective, KEYENCE Deutschland GmbH, Neu-Isenburg, scales: LDPE = 0.453 pixels µm-1 and PBAT/PLA = 0.454 pixels µm-1, respectively, image size: 21146 x 21057 pixels – 21157 x 21069).
All images were stored as uncompressed tiff files and digitally processed by either using FIJI ImageJ 1.53c [1, 2] or the software by the microscope manufacturer.
In FIJI ImageJ, microplastics were first segmented by applying the automatic threshold operator developed by Otsu [5]. The processed images were then inspected for erroneously segmented particles by a comparison with the original image. Detected contaminants from the environment were excluded. Particle characteristics were measured by using the Particles8 command (version v2.20) of the Morphology plugin [6].
A comparable method was applied in the software by the manufacturer of the microscope. Unfortunately, the computer algorithm for global automatic thresholding was not verifiable in this case.
For the output of both softwares, the maximum Feret´s diameter was used to characterize particle size of LDPE and PBAT/PLA. This data was analysed by using the statistical software R 4.0.3 [7], RStudio 1.3.1093 [8], plus the packages MPA 1.0.0 [9], and tidyverse 1.3.0 [10]. Artefacts and microplastics smaller than 7 µm were excluded from further analysis [11, 12]. This lower limit of detection was chosen as a deviation from one pixel would have already corresponded to an error of approximately 33 % at the given scale. Therefore, only particles with a size of four pixels or more were accepted.

[bookmark: additional-shape-descriptors]Additional shape descriptors
Based on the profile of requirements by Crompton [13], we here introduce equations and interpretation for shape descriptors that have not been discussed in detail in the main text. Except for rectangularity, all of these metrics were also considered in the selection of shape descriptors (c.f. Materials & Methods - Selection of shape descriptors).
Compactness is a measure of sphericity and can be calculated as follows [14]:

In Equation S(1), Ap is the area of the particle and xF,max its maximum Feret´s diameter. If microplastics have a sphere-like shape, the value of compactness is close to one [14].
Convexity assesses the roughness of particle edges. In addition, this shape descriptor was also used to characterize the deviation from a sphere [15]. The following equation was derivatived for the calculation of convexity [14]:

Here, pCH is the perimeter of the convex hull, whereas pP is the perimeter of the particle itself. The rougher the particle edges of microplastics, the larger their perimeter, pP, and, consequently, the lower the convexity. For spherical particles, this shape descriptor has values close to one.
The R factor is a shape descriptor that is utilized for the characterization of sphericity and is calculated as follows [6]:

pCH is the perimeter of the convex hull and xF,max the maximum Feret´s diameter of the respective particle. In cases where microplastics are spherically shaped, the R factor approaches one.
Modification ratio is a metric that characterizes both, sphericity and irregularity. The following equation ought to be implemented for its calculation [6]:

ri is the radius of inscribed circle of the particle under consideration and xF,max the maximum Feret´s diameter. The modification ratio approaches values close to one for spherical particles. Furthermore, the value of the modification ratio decreases if particle edges gets rougher. Note that this shape descriptor cannot be utilized to differentiate between irregular and fibrous microplastics [16].
By the means of rectangularity, microfibers can be distinguished from lines and filaments [17]. Therefore, this shape descriptor is relevant in the characterization of microplastics, although it is not in line with the profile of requirements [13]. The rectangularity is the product of the particle´s area, Ap, and the area of the bounding box, AB [6]:

Here, the area of the bounding box, AB, is [6]:

The particle breadth, b, is characterized via the largest axis perpendicular to the maximum Feret´s diameter, xF,max90. The rectangularity has a value of zero for cross-like objects, 0.5 for squares, π/4 = 0.79 for circles, and one for long rectangles [6].

[bookmark: X8b6671e2a5632563fa76fe8c556e9a417982bfa]Materials & Methods - Selection of shape descriptors
To quantitatively report the particle shape of microplastics in a harmonized way, a selection of non-redundant shape descriptors is required.
Shape descriptors are calculated based on particle size measurements (Equation (2) in the main text) and, thus, redundancies are likely if the size same metrics are used to derive the formulas for different shape descriptors. For instance, compactness and roundness both describe the similarity to a sphere under consideration of the overall shape with very similar formulas (see Equations S(1) and (6) for comparison). For both shape descriptors, the area of the particle, Ap, and the maximum Feret´s diameter, xF,max are used to characterize the shape of microplastics [14]. It is likely that reporting both, roundness and compactness, will lead to redundant information on particle shape.
Consequently, the aim of our study was to  eliminate such redundancies by applying clustering and correlation analysis to select a minimum number of shape descriptors to quantitatively characterize all dimensions of 2D shape [18, 19].
On behalf of this, we considered data on a wide size range of microplastics made of conventional and biodegradable plastic types: LDPE and PBAT/PLA < 20 µm (this study), LDPE and PLA/PBAT < 50 µm [20], LDPE, PLA and PBAT/PLA in a size range of 50 - 100 µm (this study), plus LDPE and PLA/PBAT either < 500 µm or 500 - 2000 µm [21]. All microlastics were produced by cryo-milling of the same raw material. Overall, 149,781 microplastics sized between 3 and 1960 µm were measured. Notably, the maximum Feret´s diameter as well as eleven different shape descriptors (Equations (3), (5) - (8) in the main text and S(1) - S(5)) were measured by applying the same computer algorithms [6].
[bookmark: _GoBack]Of these eleven form factors, we had to exclude two (concavity and rectangularity) from clustering because their value for a spherical particle does not approach one.For the same, in the selection of shape descriptors, elongation had to be replaced by reciprocal aspect ratio ([22], Equation (9) in the main text). Note that the we also took the square root of the sphericity  from the Particles_8 command (Equation (5)).
Usually, in cluster analysis, individuals are grouped into clusters based on some variables. Here, we needed to turn the tables. That is, shape descriptors were the individuals, whereas their value for each microplastic was considered as the variable [18].
Therefore, data on all shape descriptors was first transposed and then Z-transformed to a standardized mean of zero and a standard deviation of one [18]. This standardization corrects for different variances between shape descriptors. In addition, a standardization was employed to assure that shape descriptors with inherently larger values do not bias the proximity measure.
For this, the Euclidean distance was chosen since shape descriptors are metrically scaled. Because the aim was to group the shape descriptors, hierarchical clustering was utilized. We further used an agglomerative approach due to the fact that this method considers all individual metrics as a single cluster in the beginning. The centroid fusion algorithm was applied as this incorporates information from all shape descriptors in a given cluster by only calculating one between-cluster distance [18].
We hypothesized that all shape descriptors can be grouped into three clusters, each of which representing one aspect of 2D particle shape, i.e., shpericity, irregularity, and elongation [19, 22].
The statistical analysis was done with R version 4.2.2 (2022-10-31 ucrt) inside RStudio [7, 8] and the packages tidyverse 1.3.2 [10], data.table 1.14.2 [23], flextable 0.7.3 [24], dendextend 1.16.0 [25], and viridis 0.6.2 [26].
Dendrograms were drawn to illustrate the clusters of shape descriptors. After groups of shape descriptors were identified, one metric had to be chosen as the best representative. Accordingly, Pearson´ r was calculated for each combination of shape descriptors in a cluster [18]. Then, the average Pearson´s r was calculated for each shape descriptor and the shape descriptor with the largest Pearson´s r was selected as the best representative.
Noteworthy, the selection of shape descriptors could possibly be influenced by a variety of parameters, e.g., particle size, plastic type, and the fusion algorithm. Thus, for all of these parameters, we tested whether their consideration would have led to a distinct selection of shape descriptors.
In case of particle size, the data was pooled into two size classes: i) 0 - 500 µm and ii) 500 - 5000 µm. These size classes were inspired by spectroscopic workflows for the identification of environmental microplastics [27]. In particular, for microplastics in the size range between 0 and 500 µm 148789 particles were examined, whereas 992 microplastics sized between 500 - 5000 µm were analyzed. For each of the two size classes, a dendrogram was constructed. Then, they were combined in a tanglegram for easier comparison (Fig. S1).
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Figure 1: Tanglegram for the comparison of the shape descriptor clusters of two distinct size intervals of microplastics. Standardized Eucledian distance (height) between individual shape descriptors and clusters were hierarchialy agglomerated by the centroid fusion algorithm. a.u.: arbitrary unit. C: compactness. F: R factor. FF: form factor. M: modification ratio. P: sphericity. R: roundnenss. RAR: reciprocal aspect ratio. S: solidity. X: convexity.


Next, we examined whether different plastic types might influence the selection of shape descriptors. Therefore, dendrograms were created for LDPE, PLA, PLA/PBAT, and PBAT/PLA no matter what their size was (Fig. S2). The subsample of LDPE consisted of 58435 with a D50 of 71 µm and a standard deviation of 88 µm. PLA had a median size of 93 µm and a standard deviation of 133 µm, both being measured for 19632 microplastics. By contrast, 16106 and 55608 partilces were characterized for the two blends PLA/PBAT and PBAT/PLA, respectively. The former particle collective had a D50 of 31 µm (SD: 117 µm), whereas the latter had a D50 of 47 µm (SD: 62 µm).
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Figure 2: Dendrograms for hierarchial agglomerative clustering of shape descriptors for each plastic type individually. (A) LDPE. (B) PLA. (C) PLA/PBAT. (D) PBAT/PLA. The height represents standardized Eucledian distance between individual shape descriptors or clusters that were formed by the centroid method. a.u.: arbitrary unit. C: compactness. F: R factor. FF: form factor. M: modification ratio. P: sphericity. R: roundnenss. RAR: reciprocal aspect ratio. S: solidity. X: convexity.

Finally, we tested whether other fusion algorithms could lead to a different selection of shape descriptors. The following fusions algorithms were considered: single linkage, complete linkage, and Ward´s method [28]. For each of these fusion algorithms, a dendrogram was constructed (Fig. S3).
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Figure 3: Dendrograms for hierarchial agglomerative clustering of shape descriptors for different fusion algorithms, i.e., (A) Ward´s fusion algorithm, (B) single linkage, and C complete linkage. The height represents standardized Eucledian distance between individual shape descriptors or clusters. a.u.: arbitrary unit. C: compactness. F: R factor. FF: form factor. M: modification ratio. P: sphericity. R: roundnenss. RAR: reciprocal aspect ratio. S: solidity. X: convexity.

[bookmark: list-of-abbreviations]List of abbreviations
· AB: area of the bounding box
· ACH: area of the convex hull of a particle
· AP: projection area of a particle
· b: the particle´s breadth (characterized via the largest measure perpendicular to the maximum Feret´s diameter)
· C: compactness
· F: R factor
· LDPE: low-density polyethylene
· M: modification ratio
· PBAT: poly(butylene adipateco- terephthalate)
· PBAT/PLA: blend of PBAT and PLA
· pCH: perimeter of the convex hull of the particle
· PLA: polylactide
· PLA/PBAT: blend of PLA and PBAT
· pP: perimeter of a particle
· ri: radius of the inscribed circle of a particle
· X: convexity
· xF,max: Feret´s diameter
· xF,max90: the length of the largest axis perpendicular to the maximum Feret´s diameter
· Y: rectangularity
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