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| Profile classification models (PCMs) attempt to find a set of “profile types’ or *““classes™ in Fig. 1 the main objective |  main objective Fig. 2

. profile datasets (Maze et al., 2017) ' 500- 500-

'\ o o ° o ey e = 400 - = 400

. As with many classification problems, there is a balance between (1) the ability of the PCM £ £

. . . . qe . = = Individual profile \

. to accurately represent the underlying covariance structure whilst avoiding overfitting and g 600 g 600 oo ‘
:f [ [ J [ [ J |
_\ , N = 28397 N = 28397
° ° : !
. As an example case, we consider a collection of profiles from south of the Polar Front, Fewer classes, less i More classes, more 1000 - . 1000 —
i, . . . overlap between them : overlap between them | 4 6 33.6 33.8 340 34.2 344 346 348 350
- including profiles from Argo floats and ship-based CTD casts (Fig. 2) - Conservative temperature (*C) Absolute salinity (psu)

(a) BIC score per model 50°5
orso- \\\ This is the range of This is well into the £ 400 e 7 ==, g -
L 22500- ‘ maximum likelihood “overfitting danger zone” .- g cos EESREEREIN &~ g LT . - = -
2 Zzzz of thep,cm . T 200 - 5o BN SAF |
=3 NG N A — Avoidl - e . 8°° N = 4024 N = 4409 iy mm PF -
G R - — ) _ —-Caccr
sl Do v : 75°s Simple (3 classes) SBDY
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 800 Circumpolar N
(b) : AIC score per model 1000 _, o . . Increase complexity
225001 (number of classes)
, 22000- BIC and AIC suggest that 200 g i
S 21500- AN\ we could use 8 classes... E 400 4 6 4 6
é 21000 0 Tm==IITSSTe-al é‘é 600
<C 20500 1 500
20000 { e Captures more profile
% 57 s 5 % . & & . & & & & 5 o 4 " variety, but harder to
oo interpret
(C) silhouette score per model _ N = 1181 N = 5533
£ 400
2 Z.:Z_ % 600 | e * ° ) °
O 1 as ...but overlap worsens as we Smaller silhouette i Jop ISR
2 030 add more classes scores indicate more o N = 9789 = o R
@ 25 overlap woo_, Y s s i
O 40 Conservative temperature (°C S 600
%0.15 & _______________ e - i1 . - \ S . —
T e Rl -----——:----------_-:::::::::::::::::::: 500 :",' N = 2203 N = 5099 1 o B :’ B SACCF
2 ’ ‘ 5 6 7 8 9 N B N N e N " K N N 1000_2 Concs)ell’v;tive tezmperature ?"C) ° Conservative temperature ?"C) ° | Complex (8 CIasseS) SBDY
Number of classes o o o :
Fig. 3. We use a combination of statistical criteria to guide our choice of Fig. 4. As we Increase the number of classes, and thereby the Fig. 5. The spatial distribution of the classes shows worsening overlap as
the number of classes. This guidance suggests a range between 3-8 complexity of the PCM, we represent more variability at the expense of we increase the number of classes. Although the eight-class model is
profile types; within this range, likelihood increases but overlap worsens interpretability ‘“allowed”, it is not trivial to interpret
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Statistical guidance can help us design a suitable classification model, but the ability of a model to accurately represent variability may come at the expense of P #AG U2022
interpretability. Expert judgment is needed to balance accuracy and interpretability; the ideal balance depends on the objective of the application P
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