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Abstract: Machine-learning models for the shear strength of reinforced concrete (RC) walls are usually validated on a random split
of a test database and are reported to be far more accurate than code equations. This study re-examines that claim, and asks what
such models are worth for design. A database of 208 wall tests, assembled from the ACI 445B repository and from the databases of
two recent empirical models, was analysed. The ACI 318-14 in-plane shear provision was re-implemented and reproduced the
tabulated predictions to within 2.1%. Its model uncertainty 6 = Vexp/Vpred has a mean of 1.08 and a coefficient of variation (CoV) of
0.52; the truss model of Chandra et al. (2018) and the particle-swarm equation of Baghi et al. (2019) give CoVs of 0.46 and 0.33. A
random-effects decomposition shows that 67% of the variance of In 6 for ACI 318-14 lies between test programmes rather than within
them. Gradient-boosting models were validated both with random ten-fold cross-validation and with leave-one-study-out validation.
The random split gave RMSE = 118 kN (R? = 0.93); leaving a whole test programme out raised it to 298 kN, worse than the code
equation (250 kN). A physics-guided model that learns the logarithm of the ACI model uncertainty from dimensionless features was
the only data-driven model that generalised (219 kN, CoV of 6 0.39), and SHAP analysis showed why: ACI 318-14 overestimates
the contribution of horizontal reinforcement and ignores the contribution of flanges. Reliability analysis with a first-order reliability
method gave B =1.12 for ACI 318-14 at ¢ = 0.75 against f = 1.57 for the physics-guided model, under a gravity load model. Neither
is close to the usual target, which shows that the scatter of wall shear databases, not the mean accuracy of the equation, is what limits
the reliability that a shear-strength model can deliver.
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1. Introduction (Ravindra and Galambos, 1978; Szerszen and Nowak,
Reinforced concrete (RC) walls carry most of the  2003; Nowak and Collins, 2013). Second, wall
lateral load in many buildings, and their shear strength  databases are strongly clustered. One test programme
is difficult to predict because it depends on the aspect  contributes between two and twenty nominally similar
ratio, on horizontal and vertical web reinforcement, on  specimens that share a concrete batch, a detailing
boundary elements and flanges, on axial load and on  philosophy, a test rig and a loading protocol. When such
concrete strength. Code provisions such as ACI 318-14  a database is split at random, almost every test specimen
(ACI Committee 318, 2014) use a simple additive  has siblings in the training set, and the resulting error
expression with a concrete term and a horizontal  statistics measure interpolation inside a programme
reinforcement term; mechanics-based alternatives such  rather than prediction for a new one. Grouped cross-
as the truss model of Chandra et al. (2018) and validation is the standard remedy in disciplines where
optimisation-based empirical equations such as that of  clustered data are the norm (Roberts et al., 2017), but it
Baghi et al. (2019) aim at a better fit to test data. In is rarely used in structural-engineering model
parallel, machine-learning (ML) models have been  comparisons.
trained on the same test databases: support vector This study re-analyses a database of 208 wall tests
regression combined with response surface models that was wused to develop a hybrid response-
(Keshtegar et al., 2021, 2022), tree ensembles with  surface/support-vector model (Keshtegar et al., 2021)
SHAP interpretation (Feng et al, 2021) and and asks three questions. How large is the model
classification models for failure mode (Mangalathu et  uncertainty of the code equation and of the two recent
al., 2020). Reported accuracies are impressive, with  empirical models, and how is it structured? Does a
coefficients of determination above 0.95 being common.  modern tree ensemble still outperform them when whole
Two issues make these comparisons difficult to use  test programmes are held out? And what resistance
in design. First, accuracy statistics are not safety. A code  factor does each model imply? The answers are used to
calibration needs the model uncertainty 8 = Vexp/Vprea:  propose a design-oriented way of reporting data-driven
its mean, its coefficient of variation and its distribution, = shear models.
because the resistance factor follows from these 2. Database
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The database contains 208 RC walls tested under in-
plane shear, compiled from the ACI 445B shear wall
database (Usta et al., 2017) and from the databases of
Chandra et al. (2018) and Baghi et al. (2019), and used
in that form by Keshtegar et al. (2021). Each record
gives the concrete strength f', the axial load P, the gross
section area Ag, the wall height 4., the web length /,, the
aspect ratio hw/l;, the web thickness ¢, the flange width
brand thickness #, the boundary, vertical and horizontal
reinforcement ratios and yield strengths, and the
measured shear capacity Vexp. The tests come from 27
experimental programmes; the largest contributes 20
walls and six contribute two to four. 105 walls are
rectangular (br < ty) and 103 have flanges or barbell
ends; 122 walls are squat (Aw/l; < 1). Table 1 summarises
the ranges and Figure 1 shows the coverage.

Table 1. Statistical properties of the 208-wall database
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Variable Minimum | Maximum  Mean Std. dev.  CoV
f'. (MPa) 16 138 46 26 0.57
P (kN) 0 2617 420 535 1.27
Ay (mm?) 42250 369600 161768 81844 0.51
hy, (mm) 400 4572 1510 890 0.59
I, (mm) 370 1905 1025 408 0.40
hy/l; 0.21 2.40 1.21 0.56 0.47
t (mm) 65 152 98 24 0.25
bf (mm) 0 914 210 199 0.95
tr (mm) 0 540 126 92 0.73
Po 0.0000 0.9750 0.0385 0.0983 2.56

fy, (MPa) 0 1009 403 235 0.58
Py 0.0000 0.0290 0.0076 0.0064 0.85

f,v (MPa) 0 1420 481 152 0.32
Ph 0.0000 0.0244 0.0066 0.0044 0.66

fyn (MPa) 0 1420 478 164 0.34
Vexp (kN) 70 2483 601 436 0.72

I is the total wall length used in the source database; pv, pv and pn are the boundary,
vertical web and horizontal web reinforcement ratios.
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Figure 1. Database coverage: (a) measured shear capacity against the nominal shear area parameter AN, for rectangular and flanged walls;
(b) distribution of the aspect ratio (bars) and of the concrete strength (line).

Three records report a boundary reinforcement ratio
above 0.2, which is physically implausible and is most
probably a unit error in the source compilation; they
were retained so that the analysis reproduces exactly the
data used in the earlier studies, and the tree models used
here are insensitive to such outliers in a single input.

3. Strength models
3.1. Code and empirical models

The in-plane shear strength of a wall in ACI 318-14

is
Vo = Acv(ac/l\/ﬁ + ptfyt) (D
with Ay the gross area of the web resisting shear, L =
1 for normal-weight concrete, p; and fy; the ratio and
yield strength of the horizontal (transverse)
reinforcement, and o. = 0.25 for Aw/ly < 1.5, a. = 0.17
for hw/ly > 2.0 and linear interpolation in between (SI
units, MPa). This expression was re-implemented with
Acv = twly and with o evaluated from the tabulated aspect
ratio; the predictions reproduce the values tabulated in
the source database with a median ratio of 1.000 and a

maximum deviation of 2.1%, which is the rounding of
the published ratios. The code upper limit V, <
0.83AVf". for an individual wall segment governs 59 of
the 208 walls and is reported separately, because it is a
capacity limit rather than a strength prediction.

The truss model of Chandra et al. (2018) and the
particle-swarm-calibrated equation of Baghi et al.
(2019) are used through the predictions tabulated in the
database; both are documented in the original
publications and are not repeated here.

3.2, Data-driven models

Four data-driven models were trained. XGB-raw is a
gradient-boosted tree ensemble (Friedman, 2001; Chen
and Guestrin, 2016) trained on In Vexp with the fifteen
raw inputs of Table 1, i.e. the input set used in earlier
ML studies of this database. XGB-norm is trained on the
logarithm of the normalised shear stress v
Vexp/(Acv\/f’c) with eight dimensionless features: /I,
P/(Agf"), pufyn/Te, pofyv/t'e, pofy/fe, beltw, Ag/Acy and f.
XGB-AClres uses the same features but its target is In
0act = In(Vexp/Vacr), so the code equation carries the
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trend and the ensemble learns only a correction; this is a
physics-guided or residual formulation. Linear-mech is
a re-calibrated mechanical expression, V = Aev(aVfle +
bpnfyn + cpvfyy) + eP, fitted by non-negative least
squares; it shows how much of the improvement is
simply a re-calibration of the code format. Hyper-
parameters (depth 2-3 and 300-700 trees, learning rate
0.03) were selected inside each training set by grouped
cross-validation, so that no information from the held-
out programme entered the selection. All models were
implemented with scikit-learn (Pedregosa et al., 2011)
and XGBoost.

3.3. Validation schemes

Two schemes were used: random ten-fold cross-
validation, and leave-one-study-out (LOSO) validation
in which all walls of a test programme are removed from
training and predicted together. LOSO reproduces the
situation of a designer applying the model to a wall that
was not built in any of the laboratories represented in the
database. The random scheme was repeated ten times
with different fold assignments to quantify its
variability.

4. Model uncertainty and reliability framework

The model uncertainty of each strength model is 6; =
Vexp,i/ Vpred,i- Its mean, CoV, quantiles, lognormality
(Anderson-Darling and Kolmogorov-Smirnov tests on
In 0) and its trends with the main design parameters
(Spearman rank correlations) were computed for the
whole database and for subsets by section shape and
aspect ratio. The mean-value correction b and the error
CoV Vs of EN 1990 Annex D (CEN, 2002) were also
evaluated, together with the design factor

lpD = rt(r;m) =b exp(_kd,ooartht - kd,naSQé' -
0.5Q?) Q)

with kg = kqn = arp = 0.8 x 3.8 = 3.04 for a large
number of tests, and Vi the CoV of the basic variables,
varied from 0.05 to 0.15.

Because walls are grouped by test programme, In 0
was also decomposed with a one-way random-effects
model, In 0 = p + u; + ejj, whose intraclass correlation
ICC = ov*/(on> + 6w?) measures the share of the model
uncertainty that belongs to the laboratory rather than to
the specimen.

Resistance factors were obtained from a first-order
reliability analysis of the limit state

g=0ByV,—D—1L 3)

in which 7V, is the nominal shear strength from the
model, Bwv is a lognormal material and geometry factor
with mean 1.0 and CoV Vv = 0.10, 0 is lognormal with
the mean and CoV measured on the database, D is a
normal dead load effect with bias 1.05 and CoV 0.10 and
L is a Gumbel 50-year maximum live load effect with

bias 1.0 and CoV 0.18, following the load model of
Ellingwood et al. (1982) as used in the calibration of
ACI 318 (Nowak and Szerszen, 2003; Szerszen and
Nowak, 2003). The nominal strength follows from ¢y
= 12Dy + 1.6L, with Ly/Dy between 0.5 and 3. The
reliability index was computed with the Hasofer-Lind-
Rackwitz-Fiessler algorithm and checked by importance
sampling, and the resistance factor required for Br=3.5,
the target of the ACI 318 calibration for members other
than columns, was obtained by root-finding. The use of
a gravity load combination is a deliberate simplification
that isolates the effect of the resistance model; its
implications are discussed in Section 6.

Finally, the residual model was interpreted with
SHAP values (Lundberg and Lee, 2017), which attribute
the predicted In Oacr of each wall to its features and
therefore show where and why the code equation is
biased.

5. Results
5.1. Model uncertainty of the existing models

Table 2 gives the statistics of 6. ACI 318-14 has a
mean of 1.079 with a CoV of 0.516 and a median of
0.926: the equation is unbiased on average but
unconservative for more than half of the walls (55%),
with a 5% quantile of 6 of 0.46. The truss model of
Chandra et al. (2018) is conservative on average (mean
1.181) with a similar CoV (0.460), and the equation of
Baghi et al. (2019) has the smallest scatter of the three
(0.327) at the price of a mean of 1.130. Introducing the
code upper limit lowers the mean prediction further
(mean 0 = 1.153) without reducing the scatter.

Lognormality of 0 is not rejected for any of the three
models at the 5% level (Kolmogorov-Smirnov p
between 0.20 and 0.75), which supports the lognormal
assumption used in the reliability analysis.

5.2. Where the code equation is biased

Spearman correlations show strong, systematic
trends for ACI 318-14: 8 decreases with the horizontal
reinforcement index pafyn/f'c (ps = -0.42, p <0.001) and
increases with the flange index 4g/Acy (ps = +0.44, p <
0.001) and with the concrete strength (ps = +0.23, p =
0.001). In words, the code overestimates the benefit of
heavy horizontal web reinforcement, an observation
made experimentally by Wood (1990) and confirmed by
later database studies (Gulec and Whittaker, 2011), and
it neglects the strength provided by flanges and
boundary elements, which it excludes from Ac. The
truss model is biased mainly in the aspect ratio (ps = -
0.32) and in the axial load ratio (ps =-0.34). By contrast,
the physics-guided ensemble leaves no significant trend
(Ips| £0.06, all p > 0.35) even under leave-one-study-out
prediction, which is the clearest evidence that the
corrections it learns are real mechanics and not noise.
Figure 2 shows the two patterns.
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Figure 2. Model uncertainty against (a) aspect ratio, (b) horizontal reinforcement index, (c) concrete strength and (d) flange index, for ACI
318-14 and for the leave-one-study-out predictions of the physics-guided ensemble. Lines connect medians of six equal-count bins.

The subset statistics (Table 3) make the same point ~ walls (Aw/li < 1) the CoV reaches 0.56. A single
in design terms. For rectangular walls ACI 318-14 hasa  resistance factor applied to this equation is therefore not
mean O of 0.91, i.e. it is unconservative, while for  equally safe across wall types (Figure 3).
flanged and barbell walls the mean is 1.25. For squat

Table 2. Model uncertainty and accuracy of all models on the 208-wall database

Model Mean | CoVof Bos | 0<1(%) | RMSE (kN) R within £15% (%)
Code and empirical models
ACI318-14 1.079 0516 0.46 55 250 0.670 26
Chandra et al. (2018) 1181 0.460 0.49 40 234 0711 26
Baghi et al. (2019) 1.130 0327 055 | 40 ' 226 0.729 28
ACI 318-14 (0.83 limit) 1.153 0.482 046 45 ' 270 0.613 25
Data-driven models, random 10-fold CV » ‘
XGB-raw 1.027 0247 0.74 50 118 0.926 71
XGB-norm 1.033 0219 0.65 46 131 0.909 57
XGB-AClres 1.033 0224 0.63 48 137 0.901 53
Linear-mech 0.984 0.420 044 | 57 ' 220 0.744 32
Data-driven models, leave-one-study- » ‘
out
XGB-raw 1.115 0.402 051 | 40 ' 298 0.529 37
XGB-norm 1115 0386 0.47 46 260 0.643 26
XGB-AClres 1.102 0392 053 50 219 0.747 37
Linear-mech 0.992 0.448 0.43 57 240 0.694 28

Out-of-fold values for the data-driven models. 80,05 is the empirical 5% quantile.
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Table 3. Mean and CoV of 0 by wall type

25

Subset n ACI 318-14 Chandra et al. (2018) ‘ Baghi et al. (2019) ‘ XGB-AClIres (LOSO)
Section shape
Rectangular 105 0.91/0.37 1.16 /0.56 1.12/0.31 1.15/0.43
Flanged/barbell 103 1.25/0.54 1.21/0.34 1.14/0.35 1.06/0.34
Aspect ratio
hy/l; <1 122 1.06/0.56 1.28/0.45 1.18/0.32 1.11/0.39
hy/li>1 86 1.11/0.46 1.04/0.45 1.06/0.33 1.09/0.40
Each cell gives mean 6 / CoV of 6.
3.0
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Figure 3. Model uncertainty by wall type for the code equation, the best empirical equation and the physics-guided ensemble (boxes: median,

quartiles, 1.5 IQR whiskers).

5.3. How much of the scatter is a laboratory

maximum likelihood).

ob and ow are the between- and within-programme standard deviations (restricted

effect?

The random-effects decomposition (Table 4, Figure
4) gives ICC values between 0.62 and 0.81. For ACI
318-14 the between-programme standard deviation of In
0 is 0.380 against 0.266 within a programme, so about
67% of the model uncertainty is a property of the test
programme. Figure 5, which plots the median 0 of each
programme, makes the effect visible: whole
programmes are predicted with a median 0 as low as 0.44
or as high as 2.09, a spread far larger than the scatter
inside most programmes. Part of this is real (different
detailing, loading protocol, failure mode), and part is the
usual laboratory bias, but for validation the consequence
is the same: the effective sample size of this database is
closer to its 27 programmes than to its 208 walls.

Table 4. Random-effects decomposition of In 0 and lognormality test

Model ctotal | o  ow  ICC KSp-value
ACI318-14 0448 | 0380 0266 067 075
Chandractal. (2018) 0449 | 0394 0227 075 0.6
Baghictal. 2019) | 0349 | 0283 | 0223 062 042
XGB-AClres (LOSO) | 0381 | 0331 | 0200 073 056
XGB-raw (LOSO) | 0.399 | 0365 0229 072 020
Lincar-mech (LOSO) | 0430 0415 0202 081 042

=007
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c S [0 =0 T3
e 0.5
= 0.4 -
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Figure 4. Between- and within-programme standard deviation of In
0 with the intraclass correlation.
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Figure 5. Median model uncertainty of each test programme for ACI 318-14, the equation of Baghi et al. (2019) and the leave-one-study-out
predictions of the physics-guided ensemble; programmes sorted by the ACI value.

5.4. Random versus leave-one-study-out
validation

Table 2 and Figure 6 give the central result. Under
random ten-fold cross-validation the ensemble trained
on the raw inputs reaches RMSE = 118 kN and R? =
0.926, with 71% of the walls predicted within +15%; this
is the kind of performance reported in the ML literature
for this database. Under leave-one-study-out validation
the same model gives RMSE = 298 kN and R? = 0.529,
which is worse than ACI 318-14 (250 kN) and than both
empirical models. The repeated random cross-validation
was stable (123 + 13 kN over ten repetitions), so the gap
is not sampling noise: it is the price of the clustered
structure of the database.

The two physics-guided variants degrade much less.
XGB-norm, which predicts a normalised shear stress,
gives 260 kN, and XGB-AClres, which corrects the code
equation, gives 219 kN with a CoV of 8 of 0.39, against
0.52 for the code equation itself and 0.33 for the best
empirical equation. Its advantage over the code is a 12%
reduction in RMSE and a 24% reduction in the CoV of
the model uncertainty; this is a real but modest gain, an
order of magnitude smaller than the gain suggested by a
random split. The re-calibrated mechanical expression,
whose fitted coefficients on the full database are
0.25f", 0.64pnfyn and 0.14p,fyy (MPa) plus 0.24P, is not
competitive (240 kN), which shows that the additive
code format itself is the limiting factor.

300 + - ACT 31814
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Figure 6. RMSE of the data-driven models under random ten-fold
and leave-one-study-out validation, compared with the code and
empirical equations (horizontal lines).

5.5. What the ensemble learned

Figure 7 shows the SHAP decomposition of the
predicted In Oac1. The dominant feature is the horizontal
reinforcement index (mean |SHAP| = 0.186), with a
clearly decreasing effect: walls with pufyn/f'c below about
0.03 need an upward correction of the code prediction of
up to +60%, while heavily reinforced walls need a
downward correction of about —20%. The second
feature is the flange index Ag/Acy (mean |SHAP| =
0.145): walls whose gross area exceeds the web area by
more than about 50% are systematically stronger than
the code prediction, because the flanges and boundary
elements carry shear that the code ignores. The axial
load ratio (mean [SHAP| = 0.055), the concrete strength
(0.049) and the aspect ratio (0.045) follow. These are
exactly the effects reported from experiments and from
mechanical models, so the ensemble is not merely fitting
noise; but the effects it captures are worth about a fifth
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of the scatter, not the four fifths that a random-split
comparison suggests.
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Figure 7. SHAP interpretation of the physics-guided ensemble: (a) contribution of each feature to the predicted logarithm of the ACI model
uncertainty; (b) dependence on the horizontal reinforcement index.

5.6. Reliability and resistance factors

Table 5 and Figure 8 give the reliability results. With
the gravity load model and L./D, = 1, the reliability
index of a wall designed with ACI 318-14 and ¢ = 0.75
is B = 1.12; the empirical model of Baghi et al. (2019)
gives B = 1.95 and the physics-guided ensemble B =
1.57. Importance sampling with 4 x 10° samples
confirmed the FORM index for ACI 318-14 (Brorm =
1.12, Bis = 1.10). The model uncertainty dominates
completely: its FORM importance factor is o> = 0.92,
against 0.04 for material and geometry and 0.03 for the
live load.

None of the models reaches the target Br = 3.5 at any
realistic resistance factor: the factors that would be
required are @ = 0.22 for ACI 318-14, ¢ = 0.44 for the
best empirical equation and ¢ = 0.34 for the ensemble.
Two readings of this result are possible, and both are
useful. Read literally, it says that a wall designed only
for shear against a gravity-type load combination, with
the scatter observed in this database, would not meet the

target reliability; the code reaches an acceptable level by
other means, namely capacity design that forces flexural
yielding before shear failure, the upper limit on V,,, and
the much smaller variability of the walls actually built
compared with a database assembled from research
specimens driven deliberately to shear failure. Read
comparatively, the f values rank the models in a way
that error statistics cannot: moving from ACI 318-14 to
the physics-guided ensemble buys AP = 0.45 at the same
resistance factor, or 53% more usable strength at the
same reliability.

The EN 1990 Annex D design factors in Table 5 tell
the same story in a code format: with Vi = 0.10 the
design value is yp = 0.23 of the ACI mean prediction
and 0.29 of the ensemble prediction. Subset calibration
matters as well: the factor required for fr = 3.5 with ACI
318-141s 0.19 for squat walls and 0.28 for slender walls,
while the ensemble needs 0.35 and 0.34, i.e. it is much
more uniform across wall types.

Table S. Reliability of a wall in shear (Vy = 0.10) and design factors

yp is the EN 1990 Annex D design value as a fraction of the mean prediction.

Model ‘ Mean 0 ‘ Covote PBate= 01;75 (/D= pate= (;;75 &= ¢ for fr=3.5 o (Vre=0.05) | yp (Vre=0.10)

ACI 318-14 1.079 0.516 1.12 1.28 0.22 0.23 0.23
Chandra et al. (2018) 1.181 0.460 1.48 1.64 0.30 0.26 0.25
Baghi et al. (2019) 1.130 0.327 1.95 2.13 0.44 0.36 0.35
XGB-raw (LOSO) 1.115 0.402 1.56 1.74 0.34 0.32 0.31
XGB-norm (LOSO) 1.115 0.386 1.63 1.81 0.35 0.28 0.27
XGB-AClres (LOSO) 1.102 0.392 1.57 1.75 0.34 0.30 0.29
Linear-mech (LOSO) 0.992 0.448 1.13 1.31 0.26 0.24 0.24
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Figure 8. Reliability-based calibration: (a) reliability index against the resistance factor; (b) reliability index at ¢ = 0.75 for different live-to-
dead load ratios.

6. Discussion

The comparison of validation schemes is the
practical message of this study. A tree ensemble trained
on the raw inputs of a wall database can predict held-out
specimens from the same laboratories almost perfectly,
and this is what a random split measures; but it cannot
predict a laboratory it has never seen any better than a
code equation can. The reason is visible in the variance
decomposition: two thirds of the model uncertainty is a
programme effect that no set of input variables in the
database can explain, because it is produced by factors
that are not recorded casting and curing,
instrumentation, the loading protocol, the interpretation
of "failure", the choice of specimens to publish. Any
model, mechanical or data-driven, inherits this floor.

It does not follow that data-driven models are
useless. The physics-guided residual model was the only
one that both generalised across laboratories and
removed the systematic trends of the code equation, and
its SHAP decomposition reproduces known mechanics:
the diminishing effectiveness of horizontal web
reinforcement, which is the basis of the reduced steel
contribution in the models of Wood (1990) and Gulec
and Whittaker (2011), and the contribution of flanges,
which ACI 318-14 excludes by definition. A correction
of this kind, expressed as a function of two or three
dimensionless quantities, is a plausible route towards
improved code provisions, and it is testable: the
correction predicted for a new test programme can be
compared with the measured one, which is exactly the
leave-one-study-out experiment reported here.

The reliability results must be read with their
assumptions. The gravity load combination is a
simplification: walls are designed for wind or seismic
actions whose load statistics, load factors and target
reliabilities differ, and in seismic design the shear
demand follows from capacity design rather than from a
load combination. The analysis also uses the model
uncertainty of a research database, in which specimens
are deliberately proportioned to fail in shear and cover

an extremely wide parameter range; the variability of a
code-conforming wall in a real building is smaller. What
the analysis does establish, and what does not depend on
these assumptions, is the ranking of the models by the
reliability they can support at a given resistance factor,
the dominance of the model uncertainty over all other
sources (o above 0.9), and the fact that the reliability is
limited by the scatter rather than by the mean bias of the
equations.

Three limitations should be noted. First, the
predictions of the truss model and of the particle-swarm
equation were taken from the compiled database rather
than re-implemented, so small rounding differences are
possible; the ACI values were re-implemented and
verified. Second, three walls carry an implausible
boundary reinforcement ratio; removing them changes
no conclusion but the database would benefit from a
systematic audit. Third, the database is limited to walls
with rectangular, flanged or barbell sections tested under
in-plane shear, and to concrete strengths up to 138 MPa;
the results should not be extrapolated to coupled walls,
to walls with openings or to walls with fibre-reinforced
concrete.

7. Conclusions

A database of 208 RC wall tests was re-analysed with
the tools of code calibration rather than of prediction
accuracy. The main conclusions are:

(1) The model uncertainty of ACI 318-14 in-plane
shear has a mean of 1.08 and a CoV of 0.52 on this
database; the truss model of Chandra et al. (2018) and
the equation of Baghi et al. (2019) have CoVs of 0.46
and 0.33. The code equation is unconservative for
rectangular and squat walls and conservative for flanged
walls.

(2) Between 62% and 81% of the variance of In 0 lies
between test programmes. The effective sample size of
the database is its 27 programmes, not its 208 walls.

(3) A gradient-boosting model on raw inputs reaches
RMSE = 118 kN under random cross-validation but 298
kN when a whole test programme is held out, which is
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worse than the code equation (250 kN). Published

accuracies obtained from random splits of clustered wall

databases should not be read as design-relevant.

(4) A physics-guided ensemble that learns the
logarithm of the code model uncertainty from eight
dimensionless features generalises across laboratories
(219 kN, CoV of 6 0.39) and removes all significant
residual trends. SHAP analysis attributes its corrections
to the diminishing effectiveness of horizontal
reinforcement and to the neglected contribution of
flanges.

(5) Under a gravity load model, f = 1.12 at ¢ = 0.75
for ACI 318-14 against 1.57 for the physics-guided
ensemble, and the model uncertainty accounts for 92%
of the FORM sensitivity. Reducing the scatter of shear
models, not their mean error, is what would allow higher
resistance factors.

Reporting the mean, the CoV and the grouped out-
of-sample performance of 0, together with the resistance
factor implied by the model, would make new shear-
strength models directly usable by code committees.

Data and code availability

The cleaned database, the implementation of the
code equation, the machine-learning, SHAP, variance-
decomposition and reliability scripts, and the scripts that
generate every figure and table are provided as
supplementary material.
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