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Abstract

Process dependence is a defining feature of 3D concrete printing (3DCP), and any pooled in-
ference across laboratories must quantify rather than ignore the laboratory effect. We assem-
bled a harmonized corpus of 80 primary 3DCP studies (465 experiments and 1083 hardened
mechanical observations) under PRISMA-style screening, applied controlled vocabularies
and unit canonicalization, and estimated the share of variance attributable to the study
cluster. The intraclass correlation coefficient is 0.77 (95% CI [0.59, 0.86]; 345 records and
40 studies), so more than three quarters of the dispersion in 28-day compressive strength
lies between laboratories rather than between mixtures within the same laboratory. A 7-to-
28-day calibration evaluated under leave-one-study-out (LOSO) cross-validation produces
R?% = 0.625, MAE = 8.67 MPa and RMSE = 11.38 MPa, with 95% prediction intervals cover-
ing 96.9% of held-out observations; the band is wide enough (~85 MPa at the median) that
the calibration is suitable for early-screening of mixture and process candidates rather than
for code-compatible structural verification. Most of this between-study scatter traces back
to processing variables, curing regimes and loading directions that are inconsistently re-
ported. We propose a three-tier Minimum Reporting Set (MSRS) and demonstrate, through
a retrospective audit of the included corpus, that adoption is feasible at the entry tier (63%
already comply) while higher tiers identify the metadata that must be added before pooled
inference can support structural-design decisions for printed elements.

Keywords: 3D concrete printing; compressive strength; digital construction; structural
reliability; inter-laboratory variability; data harmonization

1. Introduction

Three-dimensional concrete printing (3DCP) places construction-grade cementitious
materials onto a build surface in continuous filaments without formwork. Layer-wise depo-
sition, time-dependent rheological evolution (i.e., structural build-up and rebuild kinetics
under continuous shear), and sensitivity to environmental conditions make the printed
product more variable than the same mixture cast into a mould. Civil engineering codes
(e.g., EN 1992-1-1 [1] and ACI 318-19 [2]) calibrate safety factors against decades of cast-
concrete data; transferring these factors directly to printed elements is not defensible with-
out a quantitative account of the new sources of dispersion. The standardization process for
3DCP structural elements is still developing. Achieving code-compatible design for printed
structures will likely require greater data standardization and cross-laboratory consistency.
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Process dependence is itself the central reason that cross-study inference is needed. Be-
cause individual laboratories use different mixers, pumps, nozzles, control loops, and cur-
ing arrangements, a strength model fitted on one laboratory’s data rarely transfers to
another. The question we address is not whether such variability exists, which is un-
controversial, but how large it is once mixture composition is held fixed in expectation,
and what fraction of it can be attributed to undocumented processing decisions. Quan-
tifying this share is a precondition for treating any printed mixture as a candidate for
code-compatible design.

Fresh-state rheology, principally static and dynamic yield stress (7p) and plastic vis-
cosity, governs both pumpability and post-deposition buildability [3]. Printable windows
reflect a tension between viscosity low enough for continuous extrusion and structural
build-up rapid enough to resist filament collapse. Mineral additions such as sepiolite or
hydrated lime raise early yield stress in fly-ash systems [4] and capillary suction and mois-
ture migration in fine-grained mixtures contribute additional effective confining stress [5].
At the same time, sustainability imperatives are accelerating the move from Ordinary
Portland Cement (OPC) toward blended and alternative binders: recycled construction-
and-demolition waste (C&DW) powders lower embodied carbon [6], lightweight expanded
clay aggregates (LECA) improve thermal performance [7], and ground granulated blast-
furnace slag has been shown to raise green strength substantially while fly ash extends
open time at the cost of early build-up [8].

To support optimization across this expanding material space, various machine learn-
ing approaches have been developed. For instance, LightGBM, XGBoost, and deep learning
models have been applied to predict compressive and flexural strengths [9,10]. Certain algo-
rithms target anisotropic compressive strength and slump flow [11], whereas others predict
mixture proportions for conventional and alkali-activated printed concretes [12]. Addition-
ally, artificial neural networks have been utilized to model interlayer bond strength [13].
These approaches are valuable when their inferential scope is matched to the underlying
data structure. A still-open question is how the openly available datasets support the
cross-laboratory generalization that any pooled-data model implicitly assumes. Currently,
these datasets show variations in feature selection and reporting depth. For example, some
studies use augmented datasets to address missing values and assist in mixture predic-
tion [14], while others combine limited laboratory samples with synthetic data generation
for rheological optimization [15]. In addition, specific datasets focusing on low-carbon
binders [16] are not always directly compatible with traditional Portland cement databases.
Existing databases, review papers, and machine-learning models in the 3DCP literature
often treat pooled records as independent and identically distributed (i.e., exchangeable)
observations, which can overlook laboratory-specific correlation structures and understate
prediction uncertainty. Recent extensive inter-laboratory studies by the RILEM TC 304-ADC
committee spanning 30 laboratories, 34 datasets, and approximately 5000 test specimens,
have demonstrated that the current lack of standardized testing protocols directly drives
inconsistent reporting and order-of-magnitude variations in compressive strength [17].
Building on this empirical foundation, this study provides a statistical meta-analysis to
decompose and quantify these variance components across a corpus of 80 published studies.
While RILEM’s physical round-robin experiment identifies testing discrepancies, our work
evaluates the laboratory effect under literature-pooling conditions, treating it as a clustering
factor rather than random independent noise.

When critical metadata, including explicit curing temperature and humidity, loading
direction relative to the print path, and controller feedback traces [18,19], are not reported,
models trained on pooled records have to rely on confounded proxies; the practical con-
sequence is that residual variance is inflated by undocumented moderators rather than
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by measurement error, and the conventional assumption that records are independent
and identically distributed across laboratories no longer holds. Printed concretes typi-
cally exhibit weaker interlayer bonding and pronounced anisotropy compared with cast
equivalents, yet matched orthogonal test data remain sparse [20-23], which makes this
confounding harder to detect from in-sample diagnostics alone.

This study makes three contributions to the structural-design assessment of printed
concrete. First, we assemble a study-aware machine-readable corpus of 80 3DCP studies and
quantify the between-laboratory share of variance directly. Second, rather than presenting
a pooled regression model as a standalone predictive end-product, we use it as a diagnostic
tool. We demonstrate that because process metadata are so poorly documented across
the literature, even optimal pooling models yield impractically wide prediction intervals
(spanning ~ 85 MPa). This quantitative bound establishes exactly why adopting our
proposed three-tier Minimum Reporting Set (MSRS) is an immediate necessity for the
field rather than a distant goal. Third, we assess, through a retrospective audit, what level
of MSRS adoption the existing literature already supports. The analytical workflow that
delivers these three outputs is summarized in Figure 1.

1. Corpus 2. Harmonization 3. Variance decomp.
80 studies - Five-element key, ICC = 0.77
465 experiments g units, ages, [0.59,0.86]
1083 mechanical obs. filter chain (Table 1) DEFF ~ 5.24
y \;\\\““’// \
6. MSRS 5. Reporting audit 4. 7 — 28 calibration
Tiered reporting | Tier1:63% adopt- - -|- - LOSO RMSE = 11.38 MPa
standard for - Tier 2: 23% adopt 95% PI coverage 96.9%
extrusion-based 3DCP Tier 3: future target

Figure 1. Analytical workflow. Stages 1-2 build the harmonized corpus; stages 3-5 produce the
quantitative findings; and stage 6 is the proposed reporting standard.

2. Materials and Methods
2.1. Corpus Assembly and Screening

The corpus was assembled from the peer-reviewed primary literature published in
2017-2025 indexed in Scopus and Web of Science (Core Collection). To our knowledge,
it is the most extensive PRISMA-screened literature corpus harmonized to a controlled
vocabulary for cross-laboratory variance analysis in 3DCP at the time of writing; we use the
more uniformly controlled experimental benchmark of Mechtcherine et al. [17] as a comple-
mentary point of reference rather than a competitor. Searches targeted TITLE-ABS-KEY in
Scopus and TS in WoS for extrusion-based 3D concrete printing combined with mechanical-
performance and rheology/printability terms; queries appear in full in the Supplementary
Materials (Section S6).

To ensure a rigorous and transparent selection process, the following inclusion and
exclusion criteria were applied:

* Inclusion Criteria: (i) Peer-reviewed journal articles and conference proceedings
published between 2017 and 2025; (ii) studies focusing on extrusion-based 3DCP;
(iii) studies reporting hardened mechanical-property observations (compressive, flexu-
ral, tensile, or interlayer bond strength) with explicit curing age and loading directions;
and (iv) studies containing primary experimental data.

¢ Exclusion Criteria: (i) Review articles, meta-analyses, and compilations (to avoid
double-counting); (ii) studies containing only fresh-state rheological properties or
numerical simulations without experimental mechanical tests; and (iii) studies with
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severely incomplete or unconvertible mix and process metadata (e.g., missing water-
to-binder ratio (W/B) or age information).

After deduplication, screening, and full-text appraisal, the screening workflow pro-
gressed as follows:

1.  Identification: Search queries yielded 73 records from Scopus (69 imported success-
fully) and 65 from Web of Science, totaling 138 initial records.

2.  Deduplication: Automated title and DOI matching removed 53 duplicate records,
leaving 85 records for screening.

3. Screening: Screening titles and abstracts excluded records that did not meet the basic
3DCP domain scope, leaving 80 records for eligibility assessment.

4.  Eligibility: Full-text appraisal of these 80 studies excluded reviews and studies
without extractable record-level mechanical data.

5. Inclusion: This yielded a final corpus of 62 studies (61 of which contribute qualified
mechanical observations) comprising 465 distinct experiments and 1083 mechanical
observations.

Studies that contained only contextual or aggregated findings without verifiable
hardened-state metadata were retained for context but excluded from quantitative analy-
sis [4,6,15,16,18,19,24-35]. To avoid double counting, review articles and compilations were
excluded from the quantitative analysis. This exclusion encompasses broad overviews
on sustainability and material properties [36], as well as systematic reviews of mixture
design characteristics [37]. Similarly, reviews focusing specifically on fresh-state rheol-
ogy [38], fiber reinforcement strategies [39], and advanced materials such as engineered
polymer composites [40] were retained to provide background context but removed from
the mechanical dataset.

Publication and Selection Bias

Any literature-based meta-analysis is subject to potential biases. First, publication bias
can occur because mixtures achieving target strengths or successful printability are more
likely to be reported, whereas less successful trials (such as those suffering nozzle clogging,
collapse, or early cracking) may remain unpublished. The assembled corpus may, therefore,
represent a somewhat optimistic view of 3DCP performance. Second, selection bias can
be introduced by documentation requirements; studies omitting fundamental parameters
(such as the W/B ratio or curing age) were excluded. While necessary to maintain model
consistency, this criterion might systematically exclude research from settings with less
comprehensive instrumentation.

2.2. Harmonization and Analysis Subsets

Each test record received a five-element key (study identifier, mixture label, speci-
men geometry, loading direction, and test age). Source priority for conflicting duplicates
was table > figure > text. Strengths were converted to MPa, dimensions to millimetres,
and ages to canonical buckets (1, 3, 7, 14, 28, 56, and 90 days). Mixtures with W/B > 0.60
that depended on advanced processing (viscosity-modifying admixtures and near-nozzle
activation) were retained with a regime flag rather than censored (n = 5).

Data Harmonization Examples

Inconsistent raw data were standardly mapped into canonical formats. For specimen
geometry, dimensions like “40 x 40 x 160 mm prisms” or “50 mm cubes” were recorded as
height H and diameter/width D to compute the aspect ratio H/D. For loading direction,
raw descriptions (e.g., “perpendicular to layer interface” and “parallel to print direction”)
were mapped to standard orthogonal vectors relative to the print path: direction X (lon-
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gitudinal, along the print path), Y (lateral, perpendicular to the path in the horizontal
plane), and Z (perpendicular to the layers in the vertical plane). For binders, alternative
systems were classified into categorical groups (OPC, OPC+5CM, and AAS/Geopolymer)
based on raw mass percentages. Curing environments were harmonized by mapping water
curing, fog rooms, and controlled chambers (RH > 95%) to a “Moist” flag, while standard
air-cured specimens were labeled “Ambient”.

The W/B is computed from total mixing water against total binder mass (cement
plus all supplementary cementitious materials), with two protocol-driven adjustments.
For alkali-activated and geopolymer systems, we use the activator-water content together
with any free water as the numerator and the total reactive solid (precursor plus activator
solids) as the denominator, so that the reported value is comparable with the OPC con-
vention rather than with the activator-by-mass convention occasionally used in primary
sources. For mixtures containing high-absorption aggregates such as lightweight expanded
clay aggregate (LECA) or recycled construction-and-demolition powders, we use the effec-
tive W/B reported by the original authors when stated, and otherwise correct the as-mixed
water by the aggregate’s saturated-surface-dry water demand using the value reported by
the same source. Records for which neither convention can be applied unambiguously are
flagged and excluded from regression analyses.

The mechanical analyses use nested subsets, summarized in Table 1. We make these
explicit because reader confusion about “how many records?” is otherwise inevitable when
several different counts appear in adjacent tables.

Table 1. Nested analysis subsets and their use in this paper. Filter rules are detailed in Supplementary
Materials Section S1.

Subset n Usedin

Total mechanical observations
(compressive, flexural, tensile, bond, 1083 Coverage tables, descriptive figures
E, shear, other)

Compressive tests (raw, all ages) 562 Coverage table, age plot

Compressive tests after 28 d

power-law normalization 550 Dataset summary, W/B-strength panels

Records with >2 measurements per
study within 25-31 d

Within-window LOSO
evaluation points

345 ICC and DEFF (40 studies)

257  LOSO metrics, PI coverage

Matched 7-to-28 d pairs 71 Calibration slope estimation

Studies with >3 ages (growth

exponent fit) 33 Power-law exponent histogram

2.3. Statistical Models
2.3.1. Age Normalization

All compressive measurements were referred to a 28-day equivalent through a power-
law age model

¢ b
o(t) = 028<28> , ~ 0.47, (1)

where b is estimated from within-study fits across studies that report at least three test
ages (median b = 0.47, IQR 0.25-0.58; 33 studies). Records measured within 25-31 days
were treated as 28-day equivalents directly and not back-projected. The pooled median b
is a working approximation: alternative chemical binders (geopolymers, alkali-activated
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materials, and high-volume SCM systems) follow age-strength kinetics that need not match
Portland-cement-only systems. We use a single b because binder-class-stratified estimation
is not yet supported by the available cluster sizes (Section 2.4); the IQR width reported
above already absorbs much of this between-binder heterogeneity, and the limitation is
revisited in Section 4.1.

2.3.2. Joint W/B-H/D Regression

Mix and process geometry are confounded across laboratories: studies with thicker lay-
ers tend to adopt lower W/B to maintain shape stability (Spearman correlation coefficient
p = —0.41, p-value p < 0.001). The joint behavior of mixture proportions and extrusion
parameters has been examined in various contexts, including investigations of recycled
glass printability [41], water-to-solid ratios in foamed concretes [42], and composites for
marine applications [43]. Other studies address printability by optimizing particle-size
distributions in strain-hardening cementitious composites (SHCC) [44] or by examining
the effects of viscosity-modifying admixtures and aggregate volumes [3]. These parame-
ters have also been evaluated for mixtures incorporating waste tire rubber [45], recycled
fibers [23], or in studies validating specific laboratory printer configurations [46]. However,
the cross-study confounding with W/B is rarely treated explicitly. To separate these effects,
we fitted a mixed-effects regression on age-normalized strength,

s ~W/B+H/D+W/B:H/D + (1| study), ()

with mean-centred fixed effects and a study-level random intercept. Random slopes for
W /B and H/D were considered but did not converge under restricted maximum likelihood:
several studies report fewer than five mixtures, so the slope variance components are not
identified. We, therefore, retain a random-intercept-only specification and treat this as a
methodological limitation (Section 4.1). Cluster-robust (HC3, study-clustered) standard
errors were used for fixed-effect inference.

2.3.3. Probability of Attainment

For target strengths X € {30,40,50} MPa, attainment probability is fitted as a logis-
tic surface,

Pr(c > X) = logit (y0 + 71 W/B + 72H/D + 93 W/B:H/D), 3)

restricted to the 5-95% observed envelope of W/B and H/D so that contour estimates are
not extrapolated.

2.3.4. Cross-Laboratory Error Budget

Prediction error was estimated by leave-one-study-out (LOSO) cross-validation: each
fold withholds one entire study;, refits the calibration on the remainder, and predicts the
held-out points. We deliberately chose LOSO over standard K-fold cross-validation to
prevent data leakage. Given the high ICC (heavy clustering by laboratory), random K-fold
splits would distribute records from the same laboratory into both training and validation
sets, artificially inflating apparent accuracy. LOSO simulates the real-world challenge of
predicting outcomes for an unseen laboratory. We report the coefficient of determination
(R?), mean absolute error, root-mean-squared error, and the empirical coverage of nominal
95% prediction intervals computed at the level of single observations. The slightly elevated
RMSE/MAE ratio compared with normal-distribution expectations provides a quantitative
indicator of heavy-tailed error distributions, consistent with undocumented catastrophic
failures like cold-joint delamination or sudden collapse in 3DCP.
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2.4. Sample-Size Adequacy

The reviewer-facing question is whether 80 studies and 1083 mechanical observations
are sufficient for the inferences made. We treat each inference separately.

ICC and design effect. With 345 records nested in 40 studies and an average cluster size
of k ~ 8.6, the two-level approximation of Snijders and Bosker [47] gives >80% power to
reject ICC = 0 when the true value exceeds 0.10 at « = 0.05. The estimated value is 0.77,
so the test is not power-limited and the 95% confidence interval [0.59, 0.86] is the binding
statement of precision.

Cross-laboratory calibration. The 7-to-28-day calibration uses 71 matched pairs from
21 contributing studies. Treating the pair set as the inferential unit, the standard error of the
OLS slope is approximately 0.14 at the observed dispersion, giving >80% power to detect
a slope departure of |b — 1| > 0.30 at &« = 0.05. This is sufficient for the screening claim
made (the 7-day strength is informative for the 28-day value to within roughly £11 MPa)
but explicitly insufficient for sub-strata such as binder class, where we report only descrip-
tive medians.

Anisotropy and curing strata. Sub-strata that fall below ten observations (notably the
ambient-cured stratum and the matched orthogonal-direction stratum) are reported as
descriptive statistics with explicit caveats and are not used to draw inferential conclusions.
A power-aware reading of the corpus is that compressive screening models can be fitted
reliably; bond, anisotropy, and elastic-modulus models cannot.

2.5. Software and Reproducibility

Analyses were performed in Python 3.11 using the pandas, statsmodels, and scikit-
learn libraries; mixed-effects models were fitted with the linear mixed-models routine
in statsmodels. Aggregated counts, filtering rules, the complete study inventory, and an
evidence-backed version of the MSRS table are reproduced in the Supplementary Materials.

3. Results
3.1. Dataset Characteristics and Reporting Coverage

The harmonized corpus spans the contemporary design space of extrusion-based 3DCP.
Table 2 reports central tendencies and dispersion for the principal numerical fields after
28-day normalization (compressive strength) or in their original units (process geometry).
The substantial range observed both in the W/B (0.20-0.90) and in the layer-height-to-nozzle-
diameter ratio (H/D; not directly reported in this table but derived later) sets the boundaries
within which the regression models in Section 3.2 can be considered descriptive.

Table 2. Descriptive statistics for the harmonized analysis subset.

Variable n Mean SD Min Max
Compressive strength (MPa, 28 d eq.) 550 46.8 23.3 1.2 1229
Test age (days, raw) 496 21.8 10.4 0 90
W/B ratio 414 0.335 0.070 0.200 0.900
Layer height (mm) 272 114 4.8 5.0 30.0
Nozzle diameter (mm) 210 21.0 9.0 3.0 60.0
Print speed (mm/s) 255 55.5 274 8.3 200.0

Reporting coverage across the full corpus (Table 3) shows that mixture-level descriptors
are documented at usable rates while critical extrusion descriptors are not. Path width is docu-
mented in roughly 9% of physical tests, extrusion pressure in 1.8%, and the Herschel-Bulkley
parameters K and 7 in fewer than a quarter of the tests. Loading direction is tagged in 62 of
62 included studies but matched orthogonal pairs at a common age and property are absent,
so a cross-study anisotropy ratio cannot be estimated from the present corpus.
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Table 3. Reporting coverage of mixture, process, mechanical, and rheological parameters across the
harmonized corpus. Counts are at the experiment level for mixture and process rows (N = 465); at
the test/record level for mechanical rows (which can exceed the experiment count when a single
experiment yields multiple specimens) and for rheology data-points; and at the experiment level for
rheology experiment rows.

Category Parameter n  Type Strength Remark

Overall Studies in corpus 80 - - PRISMA-included primary studies
Overall Studies screened 8 - - Post-deduplication
Overall Total experiments 465 - - Baseline corpus size
Mix W/B ratio 170  numerical medium Tails sparse

Mix Binder class 465 categorical medium Heuristic labelling
Process Nozzle diameter 136 numerical low Under-reported
Process Layer height 154 numerical medium Usable subset

Process Print speed 148 numerical medium Canonicalized to mm/s
Process Path width 98 numerical low Sparse

Process Extrusion rate 68 numerical low Rare quantitative
Process System type (1K vs. advanced) 465 categorical medium Heuristic; lower bound
Mechanical Compressive (tests) 562 numerical high Abundant

Mechanical Flexural (tests) 296 numerical medium Moderate

Mechanical Splitting tensile (tests) 8 numerical low Very limited
Mechanical Direct tensile (tests) 34 numerical medium Protocol variation
Mechanical Bond/interlayer (tests) 76  numerical low Under-reported
Mechanical Elastic modulus (tests) 24 numerical low Sparse

Mechanical Shear (hardened tests) 0 numerical very low Nearly absent
Mechanical Other/unmapped (tests) 83 numerical - Heterogeneous
Mechanical Loading direction (tests) 374  categorical low Few orthogonal pairs
Rheology H-B model (K, n) experiments ~ 42 numerical low Heterogeneous fits
Rheology Yield stress (experiments) 218 numerical low Few time series
Rheology Yield stress (datapoints) 355 numerical low Multiple per experiment

A graphical view of overall reporting coverage (Figure 2) makes the imbalance be-
tween mixture-level and process-level documentation visible at corpus scale; the temporal
distribution of included studies and measurement counts is provided in Supplementary
Materials Section S4.

Binder type n=1104
Test age

W/B ratio

Loading direction
Compressive strength
Layer height

Print speed

Yield stress

Nozzle diameter

Curing regime n=328
Extrusion rate n=202
Herschel-Bulkley n n=100

Herschel-Bulkley K 4 n=66 I High (=70%)
I Medium (30--69%)
Low ( < 30%)

Path width ] n=22

T T T T T
0 20 40 60 80 100

Reporting Coverage (%)

Figure 2. Reporting coverage for key mix, process, and hardened-property fields across the harmo-
nized corpus, expressed at the record level (N = 1104). Shorter bars indicate sparser reporting.

3.2. The Laboratory Effect: ICC and Design Effect

Compressive strength is plotted against W/B in Figure 3. The expected negative
relationship dominates the pooled regression line in panel (c), but the within-study fits also
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show large vertical offsets between laboratories at any fixed W/B; that is, the effect that the
laboratory cluster contributes to total scatter is comparable to, or larger than, the effect of
W /B itself.

(a) 28-day W/B

= = Mean=0.34
= = Median=0.33
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o o o o o
1 1 1 1 1

Frequency

T T
0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55
Water/Binder Ratio

(b) 7-day W/B

— = Mean=0.33
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0
T
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(c) WIB vs Strength (Stratified)
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Water/Binder Ratio

Figure 3. W/B distributions and the W/B-strength relationship. (a) 28-day W/B histogram; (b) 7-day
W/B histogram; and (c) compressive strength against W/B with study-stratified (grey) and pooled
(heavy) OLS fits [23,33,48-51].

To quantify the laboratory share directly we computed the intraclass correlation
coefficient on the records in the 25-31 day window with two or more measurements per
study (345 records in 40 studies; mean cluster size k = 8.6, and median cluster size k = 6.5):

ICC = 0.77 [95% CI10.59, 0.86], (4)

estimated by random-intercept REML fitting and bootstrapped over 1000 study-level resam-
ples (Figure 4). In engineering terms, two specimens printed in the same laboratory are sta-
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tistically much more similar to each other than to two specimens printed in different labora-
tories, and we are separating the share of variance that follows from this clustering from the
share that follows from the mixture itself. More than three quarters of the variance in 28-day
compressive strength lies between studies. Treating the corpus as if observations were
exchangeable across laboratories collapses the design effect and substantially understates
prediction uncertainty. Because the cluster-size distribution is right-skewed, we report the
design effect at the median cluster size as DEFF ~ 1 + (k — 1) ICC = 1+ 5.5 x 0.77 ~ 5.24,
which means the effective independent sample size for cluster-aware inference is roughly
one fifth of the nominal record count. The mixed-effects model in Equation (2) was fitted
on the subset of N = 93 records from 11 studies where both W/B and H/D are jointly
documented. The estimated fixed-effect coefficients and their 95% confidence intervals

(ClIs) are as follows:

*  Intercept (at the dataset centroid): 61.36 MPa (95% CI [37.11, 85.60], p-value p < 0.001);
e W/B (mean-centered): —210.00 MPa per unit (95% CI [—416.69, —3.28], p-value

p = 0.046);
* H/D (mean-centered): —19.59 MPa per unit (95% CI [-108.61, 69.43], p-value
p = 0.666);

e Interaction W/B x H/D: 162.50 (95% CI [—497.31, 822.30], p-value p = 0.629).

The W /B term exhibits a statistically significant negative gradient, confirming that
lower water-to-binder ratios correlate with higher strengths across pooled studies, which is
consistent with classic concrete chemistry. However, neither the main effect of H/D nor
the interaction term is statistically significant, suggesting that geometric variation does not
follow a simple linear trend once clustered by study.

The model resolves a between-study variance of &2 = 574.03 MPa? for the study
intercept and a within-study residual variance of 62 = 361.71 MPa?. A likelihood-ratio
test rejects the null of zero between-study variance (x?(1) = 55.52, p-value p < 0.001).
The conditional R? (variance explained by fixed effects plus the random intercept) is
approximately 0.697, while the marginal R? (fixed effects only) is approximately 0.215:
most of the explained variance comes from knowing which laboratory produced the
observation, not from the W/B and H/D values themselves.

. . _ Records: 345 in 40 studies
—— Point estimate = 0.771 95% CI: [0.585, 0.864]

95% bootstrap Cl Median cluster size: 6.5
DEFF: 5.24
Bootstrap: 1000 resamples

0.4 0.5 0.6 0.7 0.8 0.9
Intraclass correlation coefficient (ICC)

Figure 4. Bootstrap density of the intraclass correlation coefficient on 345 records nested in 40 studies
in the 25-31 d window with >2 measurements per study. The point estimate is 0.771, with a study-
level cluster bootstrap 95% CI of [0.585,0.864] over 1000 resamples; and the median cluster size is 6.5,
giving a design effect DEFF ~ 5.24.
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3.3. Strength Development and a 7-to-28-Day Quality-Control Trajectory

Within-study age-strength growth curves are markedly more consistent than the
cross-study spread (Figure 5): laboratories that report multiple ages produce well-behaved
power-law trajectories even when their absolute levels differ. Power-law exponents fitted
within each study cluster around a median b = 0.47 (IQR 0.25-0.58; 33 studies contributing
>3 ages, Figure 6), which supports the use of Equation (1) to refer measurements made at
neighbouring ages onto a 28-day-equivalent basis.
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Growth exponent b statistics:
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n=8 studies (R*>=0.50)
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Figure 5. Compressive strength against test age (raw compressive subset, n = 562). Coloured trend lines
are within-study power-law fits for five exemplar studies and grey points are the remaining records.
The annotation box reports a stricter subset, restricted to fits with R2 > 0.50 (n = 8 studies and median
b = 0.31) and the looser filter used in Equation (1) retains 33 studies (Figure 6) [8,46,52-54].
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Figure 6. Distribution of within-study power-law growth exponents b from ¢ = a t” fits (33 studies
that report at least three test ages) and median b = 0.47, IQR 0.25-0.58.
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The early-age window most relevant to on-site quality control is the 7-to-28-day pair.
We anchor the calibration here for three reasons. First, on-site practice routinely uses
a 7-day measurement to forecast the 28-day acceptance value, so a calibration in this
window has direct quality-control utility. Second, the 1-to-3-day range, although well
represented in the corpus, is dominated by binder- and admixture-specific early-hydration
kinetics: a single power-law exponent does not transfer across mixtures that differ in
accelerator chemistry, fly-ash content, or near-nozzle activation, so a 1-to-28 calibration
would convolve normalization error with cross-laboratory variability. Third, restricting the
corpus to 28-day-only records would shrink the available evidence base by more than half
because the bulk of contemporary 3DCP studies report 7- or 14-day strengths alongside,
or in place of, the 28-day value. The 7-to-28 window, therefore, preserves coverage while
keeping the age-normalization step on a part of the hydration trajectory where the C-S-H
network is established and a single power-law model is defensible.

We use this window to address a practical question: given a 7-day compressive mea-
surement on a printed mixture from an unseen laboratory, how tightly can a generic,
uncalibrated model bracket the eventual 28-day strength? The calibration was fit-
ted on 71 matched within-study pairs (median linear slope 1.06, MAE 7.90 MPa, and
RMSE 10.41 MPa). Generalizability was then evaluated under leave-one-study-out cross-
validation across 49 study folds (257 held-out evaluation points), which gives a realistic
gauge of out-of-laboratory performance (Table 4).

Table 4. Cross-validation summary for the 7-to-28-day compressive calibration. Metrics are aggre-
gated across leave-one-study-out folds at the record level.

Metric Value
R? (pooled across folds) 0.625
Mean absolute error (MPa) 8.67
Root-mean-squared error (MPa) 11.38
Empirical 95% prediction-interval coverage 96.9%
Evaluation points (record-level n) 257
Study folds 49

The empirical coverage of the 95% prediction band is close to nominal across the
observed strength range (Figures 7 and 8), and remains conservative under fold rotation.
The width of the band (=85 MPa at the median, including the residual variance from
omitted moderators) is wide enough that the calibration must be read as a screening tool
rather than as a substitute for a laboratory-specific model. We return to this point in
Section 4.4.

A curing-stratified version of this calibration is provided in Supplementary Materials
Section S1; we keep it separate from the main result because the ambient stratum (n = 7) is
below the inferential threshold defined in Section 2.4 and is descriptive only.

The age-only attainment envelopes for 30/40/50 MPa targets, fitted on records with
valid age and strength tags, are shown in Figure 9. They provide a single-variable lower
bound on the probability of meeting a structural-grade target and are used in Section 4.4 to
illustrate the practical penalty associated with omitted process metadata.

A descriptive curing-stratified breakdown of these 7-to-28-d-gain ratios is reported
in Supplementary Materials Section S1; we have kept it out of the main results because
the ambient stratum (n = 7, single study) falls below the inferential threshold defined in
Section 2.4 and is descriptive only.
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Figure 7. Prediction -interval diagnostics under LOSO cross-validation. (a) Observed against pre-
dicted 28-day compressive strength with 95% prediction-interval shading and (b) empirical against
nominal coverage at 90, 95, and 99% levels. The dashed line is the line of perfect coverage.
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Figure 8. Attainment of 28-day-equivalent compressive strength from 7-day measurements
(71 matched pairs). The solid line is the OLS fit and the shaded band is the calibrated 95% single-

sample prediction interval.
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Figure 9. Age-only attainment probability for compressive targets X € {30,40,50} MPa, computed
on records with valid age and strength tags. Curves are logistic fits; markers are empirical bin
frequencies at canonical ages.

3.4. Mechanical Interactions and Composition Trends

Pairs of mechanical tests measured on the same mixture within a +1 day window
allow direct estimation of cross-property ratios. The flexural-to-compressive ratio has a
median of 0.19 (IQR 0.14-0.23) and the tensile-to-compressive ratio is approximately 0.07.
The interlayer-bond-to-compressive ratio averages only 0.024, that is, the layer interface
fails at a stress level roughly two orders of magnitude smaller than the bulk crushing
strength of the same mixture. This ratio is the most direct quantitative signature, in the
present corpus, of cold-joint formation between successively deposited layers, and it is
sensitive to the inter-layer time gap, ambient temperature and humidity at the moment of
deposition, and the pumping pressure profile maintained near the nozzle—all variables that
the corpus reports inconsistently. The under-reporting of these moderators is a substantial
driver of the laboratory effect identified in Section 3.2, and the case for elevating their
reporting to MSRS Tier 2 and Tier 3 (Section 4.3) rests on this connection.

When the corpus is stratified by primary binder class, the W/B-strength relation-
ship differs in terms of slope as well as level. Standard OPC-based mixtures (n = 198)
show a median 28-day compressive strength of 38.2 MPa with a steep penalty gradient
of —47.3 MPa per unit of W/B (p-value p < 0.001). Alternative chemical binders, namely
geopolymers and alkali-activated materials in our corpus (n = 42), show a higher me-
dian (44.7 MPa) with a flatter, statistically non-significant gradient (—22.1 MPa per unit
of W/B). The interpretation we draw is descriptive: in the alternative-binder subset, acti-
vator chemistry and water- and chemical-bonding budgets compete with the bulk water
mass for control of terminal strength, so a single-W /B target carries less of the predictive
weight [12,53]. Inferential subgroup tests are deferred until binder-class metadata are
reported with sufficient density to satisfy the power threshold of Section 2.4.

4. Discussion
4.1. Physical Origins of the Laboratory Effect

The variance decomposition in Section 3.2 establishes that two laboratories using
nominally identical W/B and H/D values can produce substantially different compressive
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strengths. The W/B-strength relationship itself is reproducible and behaves as established
cement-chemistry expectations dictate. The remaining dispersion has to come from some-
where, and the candidates are not exotic: they are the processing variables that the literature
does not consistently report. At the micro-structural level, this variance traces to unrecorded
differences in hydration kinetics driven by supplementary cementitious materials (SCMs),
rheometer geometry differences (e.g., vane spindles, parallel plates, or coaxial cylinders)
complicating yield-stress targets, and micro-cracking induced by early plastic shrinkage.
Process-level differences in the structural build-up rate Ay, between mixtures, in the
time-dependent yield-stress trajectory imposed by near-nozzle activation strategies, in the
inter-layer time gap and the print speed that together determine interfacial conditioning
at the moment a new filament is deposited, and in the curing history (especially the rela-
tive humidity and temperature profile during the first 24 h) all act as hidden moderators.
Where they go undocumented, they are absorbed into the residual variance of pooled
regressions, and the apparent error of the model overstates the underlying material vari-
ability. Viscosity-modifying admixtures further illustrate the trade-off: they can raise yield
stress and improve shape stability while reducing the eventual compressive strength, so a
W /B-only response surface gives a misleading picture of the workability-strength frontier
in their presence [3,25,55].

The estimated ICC of 0.77 represents a combined study-level effect rather than a
pure reflection of laboratory equipment performance. This value reflects several con-
founding differences across publications: (i) chemical binder configurations, such as OPC
vs. geopolymer activator ratios or variable SCM reactivity; (ii) testing standards, testing
machine stiffnesses, and loading rates; (iii) variations in curing regimes and early-age envi-
ronmental conditions; and (iv) specimen geometry standardizations. In literature-pooling
conditions, these factors can act in concert to shift the group-level intercept, contributing to
the apparent cluster effect.

The literature examples illustrate how these unstandardized variables can influence
the laboratory effect. Curing history is a significant factor, as drying in ambient air instead
of moist curing can restrict hydration and induce micro-cracking, which tends to reduce
long-term compressive strength. Regarding process parameters, changes in the H/D ratio
alter the contact area and pressure between layers, potentially introducing macro-voids that
lower compressive capacity. Additionally, printing speed can affect dynamic compaction
and higher path velocities under constant volumetric flow can reduce compaction pressure
and bulk density, leading to lower strength. When these parameters are not reported,
their physical consequences are absorbed into the residual variance, contributing to the
study-level clustering.

Mixed-effects estimation is not a stylistic preference but a methodological necessity
here. Pooling treats every record as an independent draw from a common conditional
distribution, and the data do not support that assumption. The random-intercept formula-
tion we use in Equation (2) accepts this and absorbs the unexplained between-laboratory
shift into a single parameter. A richer specification with random slopes for W/B or H/D
would, in principle, separate the laboratory shift from a laboratory-specific sensitivity,
but it requires either more mixtures per study than several of our included sources report,
or stronger priors than we are willing to set in a non-Bayesian frequentist fit. The slope
variance components do not converge under restricted maximum likelihood (REML) with
the current data density. Forcing a parallel-slope assumption unavoidably introduces
some materials-science bias as different extrusion systems and chemical admixtures react
uniquely to W/B variations. We record this as an open methodological question: overcom-
ing this REML convergence failure will require either exploring a Bayesian hierarchical
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framework with weakly informative priors on a subset of highly-reported laboratories, or a
shift in the field towards higher per-laboratory mixture coverage.

4.2. Confounding Between Mixture and Process Geometry

A second methodological consequence concerns the univariate effects of layer height
or nozzle diameter, which cannot be read off the corpus directly. Univariate regressions
return null effects (p > 0.67 for both), but the interpretation is not that geometry does not
matter; it is that, across our sources, laboratories that use thicker layers tend to use lower
W /B to maintain shape stability (0 = —0.41, p < 0.001). The two predictors are, therefore,
confounded at the design stage. The joint W/B x H/D specification in Equation (2)
partly disentangles them but it cannot fully recover the causal structure; for that, factorial
designs that vary geometry independently of W/B within a single laboratory are needed.
The physical mechanism behind the H/D effect is well-established in principle: taller layers
relative to nozzle diameter accumulate more interlayer interfaces per unit height. However,
nozzle geometry is often analyzed in conjunction with the volumetric extrusion rate and
printing speed as these parameters jointly influence the dynamic compaction pressure
that affects bond-line strength. A causally interpretable estimate of this effect is, however,
beyond what the present meta-corpus can provide.

The third related limitation is the severe under-reporting of orthogonal-direction pairs.
Only 62 of the 62 included studies tag loading direction at all, preventing a cross-study
estimate of the anisotropy ratio from our corpus. Yet, experimental evidence confirms
that directionality and cold joints dictate failure. The RILEM TC 304-ADC benchmark
reported compressive strength reductions of 20.3% in the perpendicular (V') direction and
18.2% in the longitudinal (W) direction compared with cast specimens, with cold-joint
interfaces driving an additional ~10% penalty in the loading directions U and V while
remaining negligible in W [17]. Crucially, this anisotropy destabilizes variance itself: the
same benchmark reported extreme cases (e.g., Lab 05) where the intra-laboratory coefficient
of variation reached 43% in the V direction while remaining at 7% in U and 4% in W [17].
From a structural-design perspective, these directional shifts mean that code-compatible
safety factors must cover the weakest orientation, which cannot be quantified from the
literature without matched directional reporting.

4.3. The Minimum Reporting Set (MSRS)

The combination of an ICC of 0.77 and the documentation gaps in Table 3 establishes
a clear practical implication. Cross-laboratory predictive models for 3DCP will not become
safe to use in design without a uniform reporting baseline that turns currently hidden
moderators into explicit, machine-readable covariates. We propose a three-tier MSRS;
Table 5 summarizes the parameter list and the tiered structure. The full evidence-backed
table, with method-tag specifications and a per-parameter rationale, is reproduced in
Section S5 of the Supplementary Materials so that practitioners can apply it directly without
consulting the authors.

The correlation structure observed in the corpus (Figure 10) supports the design
directly. The cells with the highest pairwise sample sizes show interpretable, physi-
cally reasonable associations: compressive—flexural strength, p = 0.74; flexural-curing
relative humidity, p = 0.81; bond-H/D ratio, p = 0.82; and yield-stress—print-speed,
p = —0.75. The W/B—compressive correlation is small and negative once binder class and
age are pooled together, which is consistent with the binder-class slope contrast reported
in Section 3.4 and is itself a piece of evidence for the need to disaggregate. Many cells,
especially those involving the Herschel-Bulkley parameters or the bond strength, return

https:/ /doi.org/10.3390/buildings16142737


https://doi.org/10.3390/buildings16142737

Buildings 2026, 16, 2737

17 of 23

“—” because the pairwise sample size falls below five; these are precisely the cells the MSRS
is designed to populate, tier by tier.

Table 5. Proposed Three-Tier Minimum Standardized Reporting Set (MSRS) for 3DCP. Priority levels,
formats, target user groups, and mechanistic benefits are defined to standardize literature reporting.

. . . Mechanistic
Tier Parameters Reporting Format Priority Level Target User Group Rationale/Benefit
- Water-to-binder
(W/B.) - Massratio . Enables basic
- Loading (report basis) L
. . . . normalization,
direction - Angle relative Essential for orientation
X/Y/Z) to path Publication All authors, e
. . . .. . . classification,
Tierl -  Exactspecimen -  Days (decimal (Minimum for basic reviewers, .
. . and first-order
age for <24 h) paper review and and journals . .
. 1 . dimensional check.
- Layer height - Millimeters comparability) C . .
ompliance is
(H) & Nozzle (mm) low-effort
diameter (D) - mm/s ’
- Print speed
- Extrusion mass Captures hydration
flow rate - g/s kinetics,
- Curing - Temp (°C), RH Recommendec‘l for shrinkage/cracking
. o . Pooled Modeling . . .
environment (%), duration Data-driven risks, filament
. (Allows .
Tier 2 - Stand-off - mm modelers and compaction,
. cross-laboratory . .
distance - Seconds (s) - material developers and cold-joint
. predictive .
- Interlayer time - Mass . . formation. Narrows
: calibration)
interval percentages model
- Binder class prediction intervals.
- Controller pres-
sure/torque - kPaorN-m Provides real-time
- Freshyield (time-series) process feedback,
stress series - kPa(vane Required for early-age shape
To(t) geometry Structural Design Structural-design stability,
Tier3 -  Thixotropic noted) (Necessary for engineers and safety  and interfacial bond
build-up (Ayx) -  Pa/s code-compliant safety  certifiers capacity. Essential for
- Elasticmodulus -  GPa factor calibration) serviceability
(E) - MPa (direct (deflection) and
- Interlayer bond tension) structural reliability.
strength

The proposed MSRS primarily focuses on fresh-state rheology and early-to-standard
strength parameters. Under a broader structural safety framework, similar to advancements
in other engineering systems (e.g., steel-concrete composite walls), characterizing long-
term creep and shrinkage deformations [56] and fire resistance under combined loading [57]
remains a key consideration for service-life performance. As 3DCP structural-design codes
mature, incorporating long-term stability and fire-safety metrics into reporting protocols
could support more comprehensive design integration.

Bond strength is the clearest case for action. It is severely under-reported (less than
7% of mechanical observations) despite being the dominant failure mechanism for layered
geometry, and elastic-modulus measurements total only 24 across the entire corpus. This
limited availability of multi-directional and interface data is noteworthy because relying on
compressive strength alone may not fully capture general structural performance. Printed
concrete typically exhibits anisotropy and contains discrete interfaces. The boundaries
between layers represent potential shear and tensile planes, where the bond strength is
often a small fraction (averaging 2.4% in this corpus) of the bulk compressive strength.
Consequently, failure modes in printed components can be governed by interface de-
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lamination, interlayer sliding, or buckling, rather than material crushing. In addition,
conventional design codes (e.g., ACI 318-19 and EN 1992-1-1) rely on empirical formu-
lations that estimate tensile capacity, shear resistance, and elastic modulus directly from
compressive strength. For 3DCP, these conventional scaling relationships may not directly
apply, as recent benchmarks suggest that printed elements can require higher compressive
strengths to achieve the same elastic modulus as cast equivalents [17]. The gap is partic-
ularly consequential for emerging printed concretes that depart from the conventional
dense-matrix archetype, such as foamed and variable-density mixtures developed for ther-
mally insulating envelopes [58]: their stiffness distributions are essentially undocumented
at the cross-study level. Without reliable stiffness data, neither EN 1992-style deflection
verifications nor ACI 318-style serviceability assumptions can be transferred to printed
elements with code-compatible confidence.
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Figure 10. Spearman rank correlations between mixture, process, rheological, curing, and mechanical
descriptors at the experiment level for records in the 25-31 d window. Cells display p and “~”
marks pairs with fewer than five overlapping experiments. The accompanying pairwise-N matrix is
provided as a CSV alongside the Supplementary Figures S1-53 .

A retrospective audit of the included corpus indicates that 63% of studies already
satisfy Tier 1 in full, 23% satisfy Tier 2, and none satisfy Tier 3 in its entirety. The interpreta-
tion is not that the field is failing to report; it is that the bar for cross-laboratory predictive
modeling has moved, and a coordinated step-change in reporting at Tiers 2-3 is what now
blocks code-compatible inference.

4.4. Implications for Screening and Design

The cross-validated calibration produces a prediction interval whose mean width
is approximately 85 MPa under LOSO. The 95% empirical coverage is close to nominal,
so the band is honest about the variability the corpus contains; but it is too wide to be
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substituted for a laboratory-specific verification programme. The screening role we propose
is the following.

Consider a practitioner targeting f; ,g > 40 MPa with W/B= 0.35 and H/D= 0.50 in
an unseen laboratory. The point prediction from Equation (2) is 03 ~ 44.2 MPa, and the
calibrated 95% prediction interval spans [21.5,66.9] MPa. The age-only attainment surface
gives Pr(c > 40) ~ 0.58 at this design point. To reach Pr > 0.80 without on-site data,
the practitioner has to move to W/B~ 0.28 or H/D= 0.35. Alternatively, even a small set
of laboratory-specific reference measurements would, under the random-intercept model,
cut the prediction interval by an estimated 35-50% by replacing the pooled intercept with
a study-specific estimate. The implication for structural design is direct: an uncalibrated
pooled model is useful for screening alternatives at the planning stage, but code-compatible
verification has to remain laboratory-specific until process-level reporting matures to the
point where mechanistic moderators can be entered as covariates.

4.5. Limitations

Three limitations bound the inferences in this paper and are worth stating explicitly.

(i) Single age-normalization exponent. The 28-day equivalent in Equation (1) uses a
pooled median power-law exponent b ~ 0.47. Different binder classes Portland-cement-
only systems, alkali-activated and geopolymer systems, and high-volume SCM blends are
not expected to share an exponent, and the IQR observed in the corpus (0.25-0.58) is wide
precisely to reflect this chemical diversity. Forcing a uniform b = 0.47 introduces notable
distortion when estimating 28-day strengths for non-OPC systems (where SCM hydration
continues strongly into later ages, or where geopolymer polycondensation deviates entirely
from C-S-H kinetics). We retain a single b because binder-class-stratified estimation is not
yet supported by the per-stratum cluster sizes (Section 2.4); the LOSO prediction interval
already absorbs the resulting normalization error, and binder-class-specific exponents
should become identifiable as the literature accumulates. Until then, ages outside the
25-31-day window for alternative-binder mixtures should be referred to 28 d with caution.

(ii) Effective W/B for non-Portland systems. The W /B ratio is computed under the OPC
convention with corrections for activator-bearing solids in alkali-activated systems and for
high-absorption aggregates in LECA and recycled-powder mixtures (Section 2.2). Records
that cannot be placed unambiguously into either convention are flagged and excluded from
the regressions. When primary studies do not state which convention they use, we read
the highest-information value (typically the as-mixed water against total binder mass) and
inherit any ambiguity. Future round-robin programmes should report both the as-mixed
and the effective W /B explicitly.

(iii) Random-slopes identifiability. Equation (2) uses a random intercept only. Ran-
dom slopes for W/B or H/D would, in principle, separate the laboratory shift from a
laboratory-specific sensitivity, but the slope variance components do not converge un-
der restricted maximum likelihood (REML) with the present cluster sizes. Forcing a
parallel-slope assumption unavoidably introduces some materials-science bias, as differ-
ent extrusion systems and chemical admixtures react uniquely to W/B variations. We
treat this as an open methodological question; overcoming this REML convergence failure
will likely require exploring Bayesian hierarchical models with weakly informative priors
on a subset of highly-reported laboratories, or waiting until per-study mixture coverage
naturally expands.

5. Conclusions

By treating laboratory identity as a first-class statistical object rather than as nui-
sance noise, we have measured the share of variance in 3DCP compressive strength that
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originates between laboratories rather than between mixtures within them. The estimate,
ICC = 0.77 [0.59, 0.86] over 345 records in 40 studies, makes three quantitative claims.
First, the corresponding design effect (DEFF ~ 5.24 at the median cluster size) reduces the
effective independent sample size of the corpus to roughly one fifth of its nominal record
count, and any pooled inference that ignores this clustering will systematically understate
uncertainty. Second, a 7-to-28-day calibration evaluated under leave-one-study-out cross-
validation produces RMSE = 11.38 MPa and 95% prediction-interval coverage of 96.9%;
the band is wide (=85 MPa at the median) but honest, and it is suitable for screening rather
than for code-compatible verification. This wide interval suggests caution when applying
uncalibrated, literature-pooled models to direct structural design. Without laboratory-
specific calibration or standardized process control, generic predictions are associated with
notable uncertainty, indicating that site-specific physical testing remains necessary to verify
structural reliability. Third, a retrospective audit shows that 63% of the included studies
already satisfy Tier 1 of the proposed MSRS, 23% satisfy Tier 2, and none satisfy Tier 3,
which identifies process-level documentation (controller traces and early-age yield-stress
time series) as the binding constraint on causally-informed predictive modeling.

The practical message is, therefore, that cross-laboratory predictive models for 3DCP
do not need to be more flexible; they need to be fed richer process metadata. Forward
validation of the MSRS through a coordinated round-robin experimental programme is
the natural next step. The mixed-effects architecture used here can be extended directly
with additional fixed covariates as round-robin reporting accumulates, narrowing the gap
between screening-level estimates and the site-specific reliability targets that structural-
design codes require.
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Abbreviations

The following abbreviations are used in this manuscript:

3DCP 3D concrete printing

ACI American Concrete Institute
C&DW Construction and demolition waste
DEFF Design effect

EN European Norm

HC3 Heteroskedasticity-consistent variance estimator (type 3)
H/D Layer-height to nozzle-diameter ratio
ICC Intraclass correlation coefficient

IQR Inter-quartile range

LECA Lightweight expanded clay aggregate
LOSO Leave-one-study-out (cross-validation)
MAE Mean absolute error

MSRS Minimum (Standardized) Reporting Set
OLS Ordinary least squares

OPC Ordinary Portland Cement

PI Prediction interval

PRISMA  Preferred Reporting Items for Systematic Reviews and Meta-Analyses

RMSE Root-mean-squared error
SCM Supplementary cementitious material
W/B Water-to-binder ratio
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