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ABSTRACT 
Early and reliable prediction of convergence to cyclic steady state (CSS) is increasingly important 
in periodic downstream bioprocessing, where switching and cut decisions are tuned for a repeat-
able cyclic regime. This work addresses time-to-CSS (TCSS) forecasting and CSS-existence clas-
sification for multicolumn countercurrent solvent gradient purification (MCSGP) systems under 
run-to-run feed variability. We propose a Multi-Feature k-Nearest Neighbours (MF-kNN) frame-
work that performs long-horizon one-shot trajectory forecasting from an early run segment. CSS 
outcomes are inferred by reapplying a peak-based convergence rule to the predicted trajectory, 
while CSS existence is predicted via neighbour-label voting. The approach uses multivariate, 
standardised features, run-level splits, and a windowed neighbour search to reduce computation. 
Hyperparameters are tuned with a CSS-oriented objective function that balances trajectory fidel-
ity, TCSS error, and misclassification penalties. On an in-silico MCSGP dataset (98 runs; ∆t = 0.2 
s; 6800 steps/run) with varying initial modifier concentration, MF-kNN produces accurate full-run 
forecasts from early data and enables operationally useful early go/no-go decisions. Across out-
lets, results support accurate CSS timing inference and high CSS-existence classification accuracy 
(up to 100% on selected outlets), indicating MF-kNN as a transparent and deployment-ready com-
plement to cycle-to-cycle CSS monitoring and control. 

Keywords: cyclic steady state, periodic bioprocessing, MCSGP, time-to-CSS forecasting, k-nearest neigh-
bours, one-shot forecasting 

INTRODUCTION 
Biomanufacturing is progressively shifting from con-

ventional batch workflows toward increasingly integrated 
operations that deliver higher productivity with reduced 
footprint (e.g., via higher volumetric productivity, re-
duced hold steps, and tighter integration of unit opera-
tions) [1, 2]. This evolution is visible in industrial biophar-
maceutical manufacturing, particularly in down-stream 
purification where chromatographic separations have 
moved from single-column, non-periodic operation to cy-
clic multicolumn switching schemes, such as capture pu-
rification transitioning from batch Protein A chromatog-
raphy toward periodic counter-current chromatography 
(PCC) [3], challenging polishing tasks extending from 
single-column batch gradient operation to multicolumn 

countercurrent solvent gradient purification (MCSGP) 
[4], and, more broadly, simulated moving bed (SMB) 
chromatography employing cyclic switching to sustain 
periodic operation with improved utilisation relative to 
single-column batch processing [10]. Because these 
schemes rely on repeated switching cycles, their analysis 
and performance assessment hinge on whether the pro-
cess has reached a repeatable periodic regime, com-
monly termed cyclic steady state (CSS). 

CSS generally refers to the regime in periodic oper-
ation where cycle-to-cycle behaviour becomes repeata-
ble within defined tolerances, so that outlet profiles and 
cycle-level outcomes no longer exhibit systematic drift 
[5]. In MCSGP, this notion is operationalised by requiring 
that consecutive-cycle chromatograms and cut out-
comes meet repeatability criteria, typically assessed by 

https://doi.org/10.69997/sct.131945
mailto:y.algoufily22@imperial.ac.uk


 

Algoufily et al. / LAPSE:2026.0509 Syst Control Trans 5:2449-2456 (2026) 2450  

comparing feature summaries such as peak maxima, 
peak areas, retention times, and pool compositions 
against acceptance thresholds tied to process objectives 
and analytical variability [5]. This repeatability-based 
workflow also aligns with process-development and per-
formance-qualification practice, where multiple consec-
utive cycles are evaluated at a candidate operating point 
to confirm stable cyclic performance before re-porting 
yields and purities [6]. 

With CSS as the target operating regime in such pe-
riodic processes, an operationally important question is 
whether the process will attain a repeatable cyclic pat-
tern within the available operating horizon and, if so, 
when [5]. The answer affects column switching sched-
ules, fraction collection, solvent usage, and product qual-
ity in cyclic downstream operations [5]. Overly conserva-
tive actions can waste resources and extend runtime, 
while premature decisions can degrade purity or yield 
and disrupt intended continuous operation [5]. 

These considerations motivate reliable early CSS 
forecasting and classification to support (i) early run-
level go/no-go decisions on continued operation, (ii) an-
ticipatory adjustment of fractionation and recycle policies 
during the transient approach to CSS, and (iii) improved 
planning of pooling and resource utilisation (e.g., buffer 
and hold capacities) in integrated downstream trains. 

MCSGP provides a representative case study for 
periodic CSS decision support: it is a semi-continuous 
chromatography platform for biomolecule purification 
that exhibits strongly periodic dynamics under coordi-
nated column switching and solvent gradients [4]. These 
dynamics are shaped by nonlinear adsorption and mass 
transfer, while feed variability and initial conditions in-flu-
ence convergence toward CSS [5]. In practice, operating 
poli-cies such as gradient programs, cut criteria, and re-
cycle routing are typically tuned for the cyclic regime; 
therefore, uncertainty about CSS convergence and tim-
ing propagates into decision un-certainty and disturb-
ances [5]. Accordingly, this work examines whether 
early-cycle information can enable prospective inference 
of CSS convergence and timing in MCSGP, shifting be-
yond retrospective confirmation toward prospective de-
cision support that reduces the latency inherent to cycle-
to-cycle monitoring and UV-based control [5]. 

1.1 Literature review: CSS detection and 
management in periodic bioprocesses 

A substantial body of MCSGP work has therefore fo-
cused on CSS management via closed-loop operation ra-
ther than purely offline certification. Optimisation and 
control studies treat MC-SGP as a cyclic, hybrid process 
in which switching and gradient decisions must remain 
robust under nonlinear adsorption, mass transfer, and 
delayed measurements, motivating cycle-to-cycle for-
mulations and multi-rate measurement use [5]. Building 

on this, UV-based closed-loop strategies have been pro-
posed to regulate key cycle outcomes via online peak-
tracking and cut adjustment, demonstrating practical 
controllers that mitigate drift in chromatographic signa-
tures once operation is near the cyclic regime [5]. More 
recent implementations extend these concepts to im-
prove robustness under disturbances such as feed vari-
ability and retention-time shifts, targeting earlier conver-
gence and stable cyclic operation using limited online in-
formation [6]. Overall, the MCSGP literature converges 
on a consistent operational picture: CSS is detected and 
maintained primarily through cycle-to-cycle repeatability 
of chromatographic signatures and control actions that 
keep cycle-level KPIs in-spec [5, 6]. 

When CSS is addressed predictively, it is most often 
through model-based simulation and surrogate acceler-
ation rather than prospective inference from early online 
data. Mechanistic models have been used to simulate 
MCSGP start-up, CSS attainment, and shutdown behav-
iour and to predict performance parameters under spec-
ified operating conditions, at the cost of repeated-cycle 
simulation [7]. To reduce this computational burden, hy-
brid or data-driven surrogates have been developed that 
target rapid prediction of CSS behaviour for optimisation 
and decision support (for example, hybrid formulations 
that achieve CSS predictions substantially faster than 
high-fidelity models) [8]. Closely related efforts in cyclic 
adsorption more broadly also emphasise accelerating cy-
clic-process prediction and synthesis, for instance by 
physics-informed neural network surrogates designed 
for cyclic adsorption calculations [9]. These strands pri-
marily support faster CSS computation given a model or 
training set, rather than early-cycle, forecast-driven 
go/no-go decisions using only initial-cycle measure-
ments. 

Beyond MCSGP, cyclic steady state is a founda-
tional concept in other periodic separations and biopro-
cess settings. In simulated moving bed (SMB) and related 
multicolumn chromatography, CSS is often defined for-
mally via periodicity constraints (end-of-cycle states 
equal start-of-cycle states) and assessed via conver-
gence of cycle-to-cycle outlet profiles and KPIs [10]. The 
corresponding literature includes dedicated numerical 
methods for computing CSS efficiently, reflecting the im-
portance of cycle-level periodicity in SMB design and op-
timisation [11, 10]. Similar convergence logic appears in 
other cyclic bioprocesses, for example sequencing batch 
reactors, where steady cyclic operation is assessed 
when cycle-aggregated performance indicators become 
repeatable over successive cycles, enabling consistent 
operation and control [12, 13]. Across these domains, the 
dominant CSS handling paradigm remains cycle-to-cycle 
convergence of either (i) observable signatures (peaks, 
areas, outlet profiles) or (ii) cycle-aggregated KPIs, with 
control-oriented studies prioritising robust repeatability 
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under disturbances [5, 10]. 

1.2 Research gaps and contributions 
In MCSGP, and more broadly in periodic down-

stream and cyclic bioprocess operations, CSS decision 
support is still dominated by repeatability-based confir-
mation rather than prospective pre-diction from early-
cycle information. Despite the mature body of CSS mon-
itoring and control work surveyed in the previous section, 
a central limitation for early decision support is that CSS 
is commonly confirmed retrospectively via consecutive-
cycle repeatability checks. This retrospective paradigm 
is not ideal because it: 

 Provides limited quantitative information about 
proximity to CSS and remaining stabilisation time, 
constraining proactive planning during start-up. 

 Introduces an inherent confirmation latency, since 
a candidate CSS convergence point can only be 
validated after observing subsequent cycles (or 
peaks) that satisfy the tolerance. 

 Ties switching, cutting, and recycle actions to 
confirmed repeatability, delaying high-value 
decisions (e.g., collection start, recycle routing). 

While mechanistic models and advanced nonlinear 
surrogates can, in principle, predict CSS behaviour, such 
approaches are often computationally heavy and difficult 
to deploy online under run-to-run variability [15]. As a re-
sult, operators may delay high-value actions until CSS is 
verified or take conservative actions that reduce produc-
tivity. These limitations motivate forecast-driven meth-
ods that deliver early, computationally light decision sup-
port in periodic operation. 

This work addresses these gaps with a multi-feature 
k-Nearest Neighbours (MF-kNN) framework [14], devel-
oped and evaluated on MCSGP, for TCSS forecasting and 
CSS-existence classification. By leveraging multivariate, 
physically meaningful signals, MF-kNN provides long-
horizon one-shot predictions from early-cycle data, ena-
bling earlier decisions than retrospective cycle-to-cycle 
confirmation and UV-triggered actions. Performance is 
benchmarked against classical and learning-based fore-
casting models, alongside a univariate kNN model, to 
contextualise accuracy and runtime. Specifically, MF-
kNN is tailored to CSS decision support through: 

 CSS-aligned inference: CSS is inferred from 
forecasts using a peak-based convergence rule 
yielding both TCSS estimates and a CSS-existence 
classification. 

 Multivariate similarity over measured 
chromatographic signals: a feature-weighted 
distance over multiple online variables (e.g., outlet 
concentration traces and modifier profiles), with 

standardisation to keep signals comparable and 
avoid dominance by any single measurement. 

 Localised neighbour search: a ±W windowed 
neighbour search around the forecast start time 
that improves relevance and reduces runtime, 
supporting online use. 

 CSS-oriented validation and tuning: a validation 
objective that jointly scores trajectory accuracy 
and TCSS error, with explicit penalties for 
incorrect CSS-existence predictions to reduce 
optimistic false positives. 

 Early-cycle feasibility: early, one-shot prediction 
using only the initial segment of the run. 

METHODOLOGY 
2.1 Process overview and dataset 

We consider periodic MCSGP runs, where coordi-
nated column switching and a solvent-modifier gradient 
induce repeated elution cycles. The data was generated 
in silico using a validated gPROMS model of the MCSGP 
process under run-to-run variability in the initial modifier 
setting. The dataset comprises 𝑁𝑁��� = 98 runs totalling 
666, 400 timesteps, sampled every ∆𝑡𝑡 =  0.2 𝑠𝑠, with fixed 
run length 𝑇𝑇 = 6800 timesteps (approximately 22.67 
min/run). 

For each run 𝑟𝑟 ∈  {1, . . . , 𝑁𝑁���}, the recorded signals 
include inlet and outlet concentration traces for the four 
tracked components, {𝐶𝐶in,�,�(𝑡𝑡), 𝐶𝐶out,�,�(𝑡𝑡)}�=1

4 , where 𝑐𝑐 = 1 
denotes the modifier (buffer), 𝑐𝑐 = 2 weak impurities, 𝑐𝑐 = 3 
product, and 𝑐𝑐 = 4 strong impurities. The initial modifier 
value is set at the start of each run and varies across 
runs; we denote this run-level preset by 𝐶𝐶in,1,�(0). The cor-
responding modifier trajectory 𝐶𝐶in,1,�(𝑡𝑡) evolves over the 
run according to the imposed gradient program. This ex-
ogenous run-to-run variability influences both whether 
CSS is reached within the finite run horizon and the re-
sulting TCSS, thereby complicating reliable early detec-
tion and forecasting. Figures 1 and 2 illustrate repre-
sentative periodic concentration profiles and the distri-
bution of 𝐶𝐶in,1,�(0) across runs, respectively. 

2.2 Problem definition 
For run 𝑟𝑟, let 𝒙𝒙�(𝑡𝑡) denote a designated target con-

centration profile and let {𝒖𝒖�,�(𝑡𝑡)}�=2
�  denote auxiliary 

measured trajectories over 𝑡𝑡 =  0, . . . , 𝑇𝑇. We define the 
TCSS for run 𝑟𝑟 as 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇�. At an early initialisation time 𝑡𝑡0 <
𝑇𝑇 − ℎ, where ℎ denotes the forecast horizon (timesteps), 
the objectives are to: (i) generate a one-shot forecast of 
the remainder of the run, i.e., predict 𝒙𝒙�(𝑡𝑡) for 𝑡𝑡 =  𝑡𝑡0 +
 1, . . . , 𝑇𝑇; (ii) classify whether CSS will be achieved within 
the run horizon; and, if CSS is declared, then (iii) estimate 
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇�.  
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Figure 1. Representative concentration profiles for run 25 
showing periodic elution cycles and convergence 
variability. 

 
Figure 2. Run-to-run variability in the initial modifier 
concentration 

2.3 Peak-based CSS detection  
Peaks are detected on the target series 𝒙𝒙�(𝑡𝑡) and fil-

tered to retain only the large peaks. Smaller peaks with 
amplitudes below a fixed cutoff 𝛼𝛼 are discarded, and only 
peaks with 𝒙𝒙��𝑡𝑡����� ≥ 𝛼𝛼 are retained. Let {𝑡𝑡peak,�, 𝐴𝐴�}�=1

�peak de-
note the retained peak times and amplitudes, where 𝐴𝐴� is 
the amplitude of the 𝑖𝑖-th large peak. CSS is declared 
when consecutive large-peak amplitudes remain within 
tolerance for 𝑞𝑞 successive peak pairs: 

|𝐴𝐴�+ℓ − 𝐴𝐴�+ℓ+1| < ε,   ℓ = 0, … , 𝑞𝑞 − 1 (1) 

where ε is the peak-amplitude tolerance and 𝑞𝑞 is the re-
quired number of consecutive satisfactions. If Eq. (1) is 
first satisfied at peak index 𝑖𝑖⋆, then the TCSS is defined 
as: 

𝑇𝑇CSS,� ≔ 𝑡𝑡peak,�⋆ (2) 

A binary CSS-existence label 𝑧𝑧�  ∈ {0, 1} is assigned 
based on whether CSS is reached within the finite run 
horizon. As illustrated in Figure 3, the TCSS is taken as 
the time index of the first peak that satisfies the conver-
gence criterion. 

 
Figure 3. Peak-based CSS definition  

2.4 MF-kNN one-shot forecasting 
For run 𝑟𝑟, we construct a 𝑝𝑝 × (𝑇𝑇 + 1) data matrix by 

stacking the target and auxiliary signals: 

𝑌𝑌�(𝑇𝑇) =

⎣
⎢
⎢
⎢
⎡

𝑥𝑥�(0) 𝑥𝑥�(1) ⋯ 𝑥𝑥�(𝑇𝑇)
𝑢𝑢�,2(0) 𝑢𝑢�,2(1) ⋯ 𝑢𝑢�,2(𝑇𝑇)

⋮ ⋮ ⋱ ⋮
𝑢𝑢�,�(0) 𝑢𝑢�,�(1) ⋯ 𝑢𝑢�,�(𝑇𝑇)⎦

⎥
⎥
⎥
⎤
 (3) 

Here, feature index 𝑗𝑗 = 1 corresponds to the target 𝒙𝒙�(𝑡𝑡), 
and 𝑗𝑗 = 2, … , 𝑝𝑝 correspond to auxiliary trajectories 𝒖𝒖�,�(𝑡𝑡). 
At an initialisation time 𝑡𝑡0 < 𝑇𝑇 − ℎ, we represent the recent 
evolution of each feature using a unified embedding 
length 𝑚𝑚 (i.e., 𝑚𝑚� ≡ 𝑚𝑚 for 𝑗𝑗 = 1, … , 𝑝𝑝). For the target (𝑗𝑗 =
1), we define the embedded evolution segment: 

𝒙𝒙�(𝑡𝑡0) ≔  [𝑥𝑥�(𝑡𝑡0 − 𝑚𝑚 + 1),  … ,  𝑥𝑥�(𝑡𝑡0)]⊤ ∈ 𝑅𝑅� (4) 

Similarly, for each auxiliary feature 𝑗𝑗 = 2, … , 𝑝𝑝, we define: 

𝒖𝒖�,�(𝑡𝑡0) ≔  �𝑢𝑢�,�(𝑡𝑡0 − 𝑚𝑚 + 1),  … ,  𝑢𝑢�,�(𝑡𝑡0)�⊤ ∈ 𝑅𝑅� (5) 

The multi-feature evolution segment is then formed by 
stacking the embedded segments as rows: 

𝑌𝑌�(𝑡𝑡0) =

⎣
⎢
⎢
⎢
⎢
⎡ 𝒙𝒙�(𝑡𝑡0)⊤

𝒖𝒖�,2(𝑡𝑡0)⊤

⋮
𝒖𝒖�,�(𝑡𝑡0)⊤

⎦
⎥
⎥
⎥
⎥
⎤

 ∈ 𝑅𝑅�×� (6) 
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Multi-feature distance 
Given a query run 𝑟𝑟 at initialisation time 𝑡𝑡0, candidate 
neighbours are drawn from memory runs 𝑟𝑟′ ∈ 𝑅𝑅���. For 
each memory run 𝑟𝑟′ and admissible endpoint 𝜏𝜏, the can-
didate segment 𝑌𝑌�′(𝜏𝜏) ∈ 𝑅𝑅�×� is constructed identically to 
𝑌𝑌�(𝑡𝑡0) by taking the most recent 𝑚𝑚 samples of each fea-
ture up to 𝜏𝜏, with 𝜏𝜏 constrained to 𝑚𝑚 − 1 ≤ 𝜏𝜏 ≤ 𝑇𝑇 − ℎ. Sim-
ilarity between the query segment 𝒀𝒀𝒓𝒓(𝑡𝑡0) and a candidate 
segment 𝒀𝒀�′(𝜏𝜏) is computed via a feature-weighted Eu-
clidean distance. Defining Δ𝐘𝐘 ∶= 𝒀𝒀𝒓𝒓(𝑡𝑡0) − 𝒀𝒀�′(𝜏𝜏), we com-
pute: 

𝐷𝐷�𝒀𝒀𝒓𝒓(𝑡𝑡0), 𝒀𝒀𝒓𝒓′(𝜏𝜏)� =
�

��
�

� 𝑤𝑤�,�

�

�=1
 ‖
‖Δ𝒀𝒀𝒋𝒋,∶‖

‖
2

2
 (7) 

where 𝒀𝒀𝒋𝒋,∶ denotes the 𝑗𝑗-th row and 𝑤𝑤�,� ≥ 0 with 
∑ 𝑤𝑤�,� = 1�

�=1 . 

Neighbour selection 
The 𝑘𝑘 candidates with smallest distance 𝐷𝐷 are selected 
as neighbours, indexed by pairs {𝑟𝑟n, 𝜏𝜏�}�=1

� . These neigh-
bours are then weighted to favour candidates that are (i) 
close in the embedded signal space and (ii) close in the 
run-level initial modifier setting. First, we define the dis-
tance proximity score: 

𝑠𝑠�
(�) ≔ 1

2 �1 − 𝐷𝐷�

∑ 𝐷𝐷ℓ
�
ℓ=1

� (8) 

Here 𝐷𝐷� ≔ 𝐷𝐷�𝑌𝑌�(𝑡𝑡0), 𝑌𝑌��
(τ�)�. Next, define the modifier 

proximity score: 

𝑠𝑠�
(�) ≔ 1

2 �1 − Δ𝐶𝐶�

∑ Δ𝐶𝐶ℓ
�
ℓ=1

� (9) 

Here Δ𝐶𝐶� ≔ ||𝐶𝐶in,1,�(0) − 𝐶𝐶in,1,��
(0)||. If a normalising denomi-

nator is zero, the corresponding score is set uniformly 
over the 𝑘𝑘 neighbours. The final aggregation weights are 
obtained by summing the two scores and normalising to 
sum to one: 

𝜔𝜔� ≔
𝑠𝑠�

(�) + 𝑠𝑠�
(�)

∑ �𝑠𝑠ℓ
(�) + 𝑠𝑠ℓ

(�)��
l=1

, 𝑛𝑛 = 1, . . . , 𝑘𝑘 (10) 

One-shot forecast 
 Finally, the one-shot forecast of the target trajectory is 
obtained by weighted aggregation of the neighbours’ fu-
ture continuations: 

𝒙̂𝒙𝒓𝒓(𝑡𝑡0 + 1: 𝑡𝑡0 + ℎ) = � ω�

�

�=1
 𝑥𝑥��

(τ� + 1: τ� + ℎ) (11) 

CSS inference 
Because historical runs are labelled with CSS existence, 

the neighbour set supports classification without an ad-
ditional model. Let 𝑧𝑧(�) be the CSS-existence label for 
neighbour 𝑛𝑛. The CSS-existence decision is then: 

𝑧𝑧̂ = 𝐼𝐼 �� ω�

�

�=1
 𝑧𝑧(�) ≥ η� (12) 

with voting threshold 𝜂𝜂 (default 𝜂𝜂 = 0.5). When 𝑧𝑧̂ = 1, the 
predicted 𝑇𝑇ĈSS is obtained by applying the same peak rule 
(Eq. (1)) to the full reconstructed trajectory; i.e. using 
measured values for 𝑡𝑡 < 𝑡𝑡0 and the one-shot forecast for 
𝑡𝑡 ≥ 𝑡𝑡0. 

2.5 Hyperparameter tuning objective 
We tune 𝑘𝑘, feature weights 𝑤𝑤�, and any embedding 

or window parameters, to balance trajectory fidelity, 
TCSS accuracy, and CSS-existence correctness. Let ℒ���� 
denote a trajectory loss over the forecast horizon. We 
define: 

 Obj1 = 1
𝑁𝑁 � ℒ����(𝒙𝒙𝒓𝒓, 𝒙̂𝒙𝒓𝒓)

�

�=1
 

 
(13) 

  Obj2 =

1

�
∑ �

||𝑇𝑇CSS,� − 𝑇𝑇ĈSS, r|| 
0

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

�
�=1  

 𝑖𝑖𝑖𝑖 𝑧𝑧� =
𝑧𝑧�̂ = 1 (14) 

 𝑖𝑖𝑖𝑖 𝑧𝑧� = 𝑧𝑧�̂ = 0 
 𝑖𝑖𝑖𝑖 𝑧𝑧� ≠ 𝑧𝑧�̂ 

Let 𝑁𝑁 denote the number of validation runs. We 
combine the trajectory term Obj1 and the CSS-aligned 
term Obj2 into a single scalar objective: 

  Objoverall = (1 − 𝛽𝛽)Obj1 + 𝛽𝛽Obj2  (15) 

where 𝛽𝛽 ∈ [0, 1] controls the trade-off. 

2.6 Experimental protocol and 
implementation notes 

We use a run-wise split of 80/10/10% for memory/val-
idation/test. For 𝑁𝑁��� = 98, this yields 𝑁𝑁��� = 78, 𝑁𝑁��� = 
10, and 𝑁𝑁���� = 10. The features are standardised to pre-
vent feature scale dominance. Forecasts are computed 
one-shot using only the first 100 timesteps of the unfold-
ing run.  

Hyperparameters are tuned on validation runs using 
grid search. Tuned parameters include the neighbour 
count 𝑘𝑘 ∈  {1, 3, 5, . . . , 𝑘𝑘���}, feature weights 𝑤𝑤�,� ∈ [0, 1], 
the neighbour aggregation scheme (uniform vs. dis-
tance-weighted), and window/embedding settings. Can-
didate combinations are scored using the composite ob-
jective in Eq. (15). For computational efficiency, the 
neighbour search is restricted to a local temporal window 
around the forecast initialisation time such that when 
forecasting a run at 𝑡𝑡0, candidate historical segments are 
only drawn from memory runs with segment endpoints 
𝜏𝜏 ∈  [𝑚𝑚𝑚𝑚𝑚𝑚(0, 𝑡𝑡0 − 𝑊𝑊), 𝑚𝑚𝑚𝑚𝑚𝑚(𝑇𝑇 − 1, 𝑡𝑡0 + 𝑊𝑊)], where 𝑊𝑊  is a 
window half-width in timesteps. Distances are computed 
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between the query segment ending at 𝑡𝑡0 and each candi-
date segment ending at 𝜏𝜏, and the 𝑘𝑘 nearest neighbours 
are selected by which a one-shot forecast is then gener-
ated as defined in Eq. (11). We report trajectory error in 
MSE, TCSS error in RMSE, and CSS-existence classifica-
tion accuracy in percentage. 

2.7 Benchmark models and comparative 
evaluation criteria 

To contextualise MF-kNN performance, a compara-
tive one-shot forecasting study was conducted against 
representative classical and learning-based baselines, 
alongside a univariate kNN model. All models were eval-
uated under a common run-wise protocol, where fore-
casts were initialised at the same 𝑡𝑡0 timestep, and the 
prediction horizon was set to the remainder of the run. 
The forecasting target is the outlet signal 𝐶𝐶out,3,�(𝑡𝑡). Hy-
perparameters were tuned on the validation runs using 
model-specific searches. 

Benchmarked models. The benchmark suite com-
prises: (i) MF-kNN; (ii) Univariate kNN; (iii) ARMA as a 
classical stochastic time-series baseline for periodic sig-
nals; (iv) Theta as a lightweight statistical forecasting 
baseline; and (v) LSTM as a representative recurrent 
neural forecasting model. 

Tuning and scoring. Hyperparameters were tuned 
via a fixed number of trials on the validation runs. MF-
kNN tunes the neighbour count and feature weights; uni-
variate kNN tunes the neighbour count; ARMA tunes (p, 
q); Theta tunes θ; and the LSTM tunes hidden-unit con-
figuration. Evaluation considers both (a) trajectory pre-
diction error for 𝐶𝐶out,3,�(𝑡𝑡) over the forecast horizon and (b) 
error on the derived CSS timing metric from the corre-
sponding predictions, so that models are compared on 
the same decision-support objective. 

RESULTS AND DISCUSSION 
Qualitative performance. Figure 4 illustrates repre-

sentative one-shot forecasts for outlet concentration 
profiles using only the first 100 timesteps. Across these 
examples, MF-kNN reproduces the dominant periodic 
dynamics over the full horizon, correctly distinguishes 
CSS from no-CSS runs, and yields TCSS estimates that 

are consistent with the peak-based rule.   
Quantitative performance. We summarise quanti-

tative results on the held-out test set using three primary 
metrics. Table 1 reports trajectory accuracy as MSE, 
TCSS error as RMSE, and CSS-existence classification 
accuracy (%). Table 2 reports the CSS-existence confu-
sion matrix for 𝐶𝐶out,3,�(𝑡𝑡), from which precision and recall 
can be computed. As shown in Table 1, MF-kNN achieves 
consistently low trajectory errors across the outlet sig-
nals, indicating that the one-shot forecasts reproduce 
the dominant periodic structure and amplitude of the 
concentration profiles. The CSS-existence classification 
performance is strong overall (average accuracy 96.7%), 
with perfect classification reported for 𝐶𝐶out,3,�(𝑡𝑡) and 
𝐶𝐶out,4,�(𝑡𝑡) and a small degradation for 𝐶𝐶out,2,�(𝑡𝑡) at 90%, sug-
gesting that early segments contain sufficient infor-
mation to discriminate convergent from non-convergent 
behaviour in most cases. In contrast, the TCSS RMSE ex-
hibits a clearer dependence on the outlet signal: 𝐶𝐶out,2,�(𝑡𝑡) 
and 𝐶𝐶out,3,�(𝑡𝑡) show substantially lower timing errors than 
𝐶𝐶out,4,�(𝑡𝑡), indicating that CSS timing is harder to infer for 
𝐶𝐶out,4,�(𝑡𝑡), likely due to weaker observability of peak stabi-
lisation or greater sensitivity of its peak features to tran-
sient dynamics and noise. Overall, this trend highlights 
that accurate CSS existence prediction can be achieved 
even when the precise timing of convergence is more un-
certain for specific outlets. 

Benchmark comparison. Under the common one-
shot protocol described in Section 2.7, Table 3 shows 
that MF-kNN provides the most reliable decision-support 
performance for 𝐶𝐶out,3,�(𝑡𝑡) among the benchmarked meth-
ods. Beyond achieving the lowest CSS timing error, MF-
kNN is the only method in the benchmark set that simul-
taneously maintains low trajectory error and high CSS-
existence accuracy, which is the key requirement for 
early operational decisions. The univariate kNN baseline 
degrades both timing and classification performance rel-
ative to MF-kNN, indicating that leveraging additional 
measured signals in the distance metric improves neigh-
bour relevance and reduces ambiguity in early-cycle 
matching. The LSTM and ARMA baselines perform poorly 
in this setting, which is consistent with the difficulty of 

 
Figure 4. Representative one-shot forecasts for the outlet concentrations initialised at 𝑡𝑡0 = 100. 
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learning stable long-horizon dynamics from limited early 
segments under run-to-run variability without extensive 
model capacity and careful regularisation. The Theta  
model performs worst on both timing and classification, 
suggesting that lightweight univariate statistical struc-
ture is insufficient to capture the nonlinear, multivariate 
transient CSS behaviour of MCSGP. Overall, the bench-
mark results support the central premise of this work: 
multi-feature similarity enables robust early matching to  
historical trajectories, yielding more reliable long-horizon 
forecasts and CSS timing inference than both univariate 
similarity and representative statistical or learning-based 
baselines in the one-shot regime. 

Table 1: Quantitative performance on the test set. 

Signal TCSS RMSE 
(steps) 

Time-series 
MSE 

(×10−3) 

CSS classification 
accuracy (%) 

𝐶𝐶out,2(𝑡𝑡) 157.3 0.02 90.0 
𝐶𝐶out,3(𝑡𝑡) 340.0 1.15 100.0 
𝐶𝐶out,4(𝑡𝑡) 1356.0 0.04 100.0 
Avg. 617.8 0.40 96.7 

Table 2: CSS-existence confusion matrix for 𝐶𝐶out,3(𝑡𝑡). 

 Predicted CSS Predicted No-CSS 

Actual CSS 20.0% 0.0% 
Actual No-CSS 0.0% 80.0% 

Table 3: Benchmark performance for 𝐶𝐶out,3(𝑡𝑡). 

Model TCSS RMSE 
(steps) 

Time-series 
MSE 

(×10−3) 

CSS classification 
accuracy (%) 

MF-kNN 340.0 1.15 100.0 
kNN 537.90 14.95 40.0 
LSTM 2917.74 57.86 30.0 
ARMA 2937.48 60.62 10.0 
Theta 4455.30 98.34 10.0 

CONCLUSION 
This paper introduced a MF-kNN framework for 

early, one-shot forecasting CSS behaviour in periodic 
downstream bioprocesses, demonstrated on MCSGP 
system runs subject to run-level variability in the initial 
modifier concentration. Using only an early segment of 
each run, MF-kNN forecasts the full-run outlet trajecto-
ries, infers TCSS, and predicts CSS existence via neigh-
bourhood voting. The methodology is designed for prac-
tical deployment through run-wise splitting, feature 
standardisation, and a windowed neighbour search that 
reduces runtime while preserving local relevance. 

Across the evaluated outlet signals, MF-kNN yields 

consistent qualitative agreement with the true periodic 
profiles and supports accurate early decision support for 
CSS convergence. In the benchmark study, MF-kNN out-
performed representative statistical and learning-based 
baselines on the CSS timing objective under a common 
one-shot protocol, reinforcing the value of similarity-
based forecasting when long-horizon predictions must 
be derived from limited early-cycle information. 

From an operational perspective, the proposed 
framework enables earlier switching and cut decisions, 
earlier initiation of collection, and early termination or al-
ternative actions when convergence is unlikely, with the 
potential to reduce solvent usage and wasted runtime 
during non-convergent start-up.  

Future work 
Future work will (i) validate the proposed MF-kNN 

framework on experimental/industrial MCSGP datasets, 
beyond the current in-silico study; (ii) quantify opera-
tional benefits under realistic decision policies, e.g., sol-
vent usage, time savings, and yield/purity impacts from 
earlier go/no-go and collection-start decisions; (iii) inte-
grate MF-kNN predictions into closed-loop operation, for 
example as a supervisory layer that adapts cut/collection 
logic or informs receding-horizon MPC for cyclic opera-
tion; and (iv) extend the feature set used for neighbour 
retrieval to improve robustness and to provide calibrated 
confidence estimates for TCSS and CSS-existence pre-
dictions. 
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