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ABSTRACT

An important challenge in chromatography is the development of adequate separation methods.
Accurate retention models can significantly simplify and expedite the development of adequate
separation methods for complex mixtures. The purpose of this study was to introduce
reinforcement learning to chromatographic method development, by training a double deep Q-
learning algorithm to select optimal isocratic scouting runs to generate accurate retention
models. These scouting runs were fit to the Neue-Kuss retention model, which was then used
to predict retention factors both under isocratic and gradient conditions. The quality of these
predictions was compared to experimental data points, by computing a mean relative
percentage error (MRPE) between the predicted and actual retention factors. By providing the
reinforcement learning algorithm with a reward whenever the scouting runs led to accurate
retention models and a penalty when the analysis time of a selected scouting run was too high
(> 1h); it was hypothesized that the reinforcement learning algorithm should by time learn to
select good scouting runs for compounds displaying a variety of characteristics. The
reinforcement learning algorithm developed in this work was first trained on simulated data,
and then evaluated on experimental data for 57 small molecules — each run at 10 different
fractions of organic modifier (0.05 to 0.90) and four different linear gradients. The results
showed that the MRPE of these retention models (3.77% for isocratic runs and 1.93% for
gradient runs), mostly obtained via 3 isocratic scouting runs for each compound, were
comparable in performance to retention models obtained by fitting the Neue-Kuss model to all
(10) available isocratic datapoints (3.26% for isocratic runs and 4.97% for gradient runs) and
retention models obtained via a “chromatographer’s selection” of three scouting runs (3.86%
for isocratic runs and 6.66% for gradient runs). It was therefore concluded that the
reinforcement learning algorithm learned to select optimal scouting runs for retention
modeling, by selecting 3 (out of 10) isocratic scouting runs per compound, that were
informative enough to successfully capture the retention behavior of each compound.

Keywords: method development; retention models; machine learning; reinforcement
learning; deep g-learning;
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1 INTRODUCTION

One of the main challenges in (liquid) chromatography is to obtain adequate methods to
separate complex samples. Method development is still often done based on a trial-and-error
approach, leading to lengthy optimization procedures. Decision-algorithms can be used to help
find adequate separations for complex samples (1-8). These algorithms need to be able to
predict future runs and select the correct runs to produce the most desirable outcome, which
means accurate retention models need to be incorporated into the algorithms. Retention models
can generally be divided into two types: quantitative structure retention relationship (QSRR)
models, that model retention times of compounds for specific separation conditions based on
their molecular descriptors (9-16) and empirical models, that model retention times of
compounds based on experimental instrument or system variables, e.g. the fraction of strong
eluent in the mobile phase (17-24). The two types of retention models are complementary and
usually answer different questions. For instance, QSRR models are commonly developed to
improve the identification of known analytes, while empirical retention models are rather
developed to improve the separation of complex mixtures of known or unknown compounds.
As the present study focuses on improving separation methods for compounds for which
molecular structures are not always available, empirical retention models will be used.

An often employed empirical retention model is the Neue-Kuss model (21,26-28):

k(@) = k(1 +S,0)% exp (— ) (1)

1+S,¢

Wherein ¢ is the fraction of strong eluent in the mobile phase, k(¢) the retention factor for a
specific @ and kw, S1and S: are retention parameters that need to be fit to experimental retention
factors to yield a retention model for a given compound. More specifically, ky refers to the
retention factor of a compound for =0 (in reversed-phase liquid chromatography (RPLC) this
corresponds to a purely aqueous mobile phase), Sirefers to the slope and Sz to the curvature of
the correlation between k and ¢. Since the Neue-Kuss model requires three parameters for the
prediction of the retention factor (k,,, S; and S,), at least three datapoints (i.e., experimental
retention factors obtained at three different mobile phase compositions) are needed as input. In
RPLC, the polarity of a compound is one of the main factors influencing its retention behaviour.
Since compounds can have large differences in polarity, the selection of the scouting runs, i.e.,
the selection of the mobile phase compositions that need to be selected to obtain adequate
retention models, is an important problem as the most informative conditions can strongly
differ for each compound. This importance is emphasized making the economic consideration
that the number of scouting runs should preferably be kept as low as possible. Thus, there is a
clear need to develop algorithms that can select optimal scouting runs leading to accurate
retention models.

Decision algorithms for chromatographic applications, such as method development, have been
studied since the 1980’s. These algorithms, also sometimes referred to as expert systems,
focused on different aspects of the chromatographic workflow: method selection (28,29),
mobile phase selection (30,31), mobile phase/selectivity optimization (32,33), system
optimization (34,35) and retention optimization (36-39). All these algorithms aimed at
improving the decision-making process for method development and reducing the extent of
trial-and-error that is commonly practiced. However, in the late 90’s these expert systems lost
their popularity due to the fact that the high expectations for these systems were not met, and
the computational power available at that time was inadequate.
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Traditional approaches, like those used in the 80’s and 90’s, usually take the form of predefined
rules and if-else statements, which are directly programmed/handcrafted by the software
engineer and experts in the field. The inherent problem of this approach is its great difficulty
to generalize to new data or scale to large, diverse datasets. Algorithms like machine learning
(40) can, to some extent, solve the problem of generalization by letting the machine program
itself (learn its own rules) via highly parameterized and regularized function approximators
that are trained on a so-called training dataset. Supervised machine learning algorithms have
been around for many decades (41-44) but came to proliferate in the late 2000’s when the
availability of data in both private and public repositories grew_considerably and sufficiently
powerful computer hardware became readily available. This family of algorithms only needs
to be supplied with input and output pairs, and everything in-between (mapping from input to
output) is learned by the algorithm itself. Given an input, supervised learning algorithms learn
how to minimize the error between their prediction and the target (the associated output for
that input). A typical application of supervised learning is classification, in which, given an
input, the algorithm outputs the correct class. However, the limitation of supervised learning is
the need to label every input, which is often either very time-consuming or impossible to
actualize. Unsupervised learning deals with situations where no labels are required, with a
typical application being clustering. Instead of directly getting a prediction from some input, it
clusters the input data and finds patterns in it. Either of these two paradigms is important, but
neither fulfills the criteria for intelligent decision making as required in method development.
In method development, especially when dealing with novel or unknown compounds, a
prediction of the next step to perform is needed, but the effects of the steps are unknown and
impossible to plan.

Reinforcement learning is a machine learning paradigm that deals with sequential decision
making (45,46). In contrast to supervised learning, where each prediction is independent of the
others, decisions are sequential and dependent on each other. This aligns well with method
development, which is clearly a sequential procedure (cfr. the trial-and-error approach when
method development is carried out in its most simple form). Furthermore, in reinforcement
learning, there is no need for input-output pairs as in supervised learning, because no label is
needed to teach the algorithm to perform well on a given task (which is of great importance as
labels are commonly unavailable in method development). Instead of a label, a scalar reward
signal reinforces a desirable behavior; i.e. the reinforcement learning algorithm learns a
mapping from some input to some desirable output by receiving feedback based on the output.
The goal of the reinforcement learning algorithm is not to optimize itself towards accurate label
predictions, but instead maximize the cumulative future reward (i.e. learn to optimally perform
a specific task). Due to its generality, reinforcement learning algorithms have been widely
utilized and studied in many applications and areas of research and industry, including robotics
(44-49). Besides its many applications, reinforcement learning is possibly most known for its
achievements in attaining superhuman level performance in board games, such as Chess and
Go (53-55), and in video and computer games such as Atari (56), Starcraft I (57,58) and Dota
2 (59).

In the present study, the possibilities of reinforcement learning are investigated for a basic
chromatographic problem: selecting optimal isocratic scouting runs in RPLC to fit retention
models. Specifically, the aim is to train a reinforcement learning algorithm to select a minimum
number of scouting runs that allow to obtain accurate retention models for a diverse set of
compounds. The present study is considered a simple first step in introducing reinforcement
learning to the area of chromatography.
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2 THEORY

Reinforcement Learning is a goal directed paradigm in which a computer program, called the
agent, is continuously interacting with the environment. The environment is the world in which
the agent resides and encapsulates the task the agent tries to solve. By performing actions, the
agent receives a numerical feedback from the environment based on the quality of the chosen
action. Over time, the agent learns to optimize the actions it takes by trying to maximize the
future rewards. Typically, reinforcement learning uses a Markov Decision Process (MDP) as
its mathematical model. An MDP is a 4-tuple <S, 4, T, R>, where S is the state space, 4 the
action space, 7(s, a, s ) = Pr(s’ | s, @) the probability that action a in state s will lead to state s,
and R(s, a, s’) the immediate reward (r) received when action (a) taken in state (s) results in a
transition to state (s’). The problem of solving an MDP is to find a policy () (i.e., mapping
from states to actions) that maximizes the accumulated reward (i.e., the sum of all scalar reward
signals). A typical interaction goes as follows: given a state s, the agent takes an action a, which
causes the environment to change its state to a new state s’. In addition to the new state s’, the
environment provides a specific reward signal, indicating how good it is in the new state.
Moving across states by performing an action is known as a transition, and a sequence of
transitions is called a trajectory. Specifically, in this study, a trajectory (also referred to as an
episode) is defined as a sequence of transitions and ends with a termination signal indicating
that no more scouting runs are to be run for a given compound.

The state space and action space of the environment define the space in which the
reinforcement learning algorithm (or the agent) can perform intelligently. The state of the
environment can be represented in many ways, everything from video/image input (a
continuous state space), to a vector containing the positions of marks on a tic-tac-toe board (a
discrete state space). Similarly, the action space may also be continuous and/or discrete. The
environment also sets restrictions for what actions are legal — for instance, is the agent allowed
to adjust the percentage of modifier to any percentage? Or is it only allowed to change it
between certain discrete, predefined, ranges?

To formalize the learning procedure, the agent tries to learn a policy — what action to take given
a certain state. The ultimate goal of the agent is to learn a policy © that maximizes the expected
cumulative future reward (known as the expected return) over a trajectory t. This optimal
policy denoted as nt" is defined as:

" = argmax, E; ;[R(7)], (2)
where R(1) = Y2, v'r; (3)

E. :[R(t)] denotes the expected return of trajectory t following policy m and arg max,
specifies the policy maximizing the expected return. y € (0,1) is known as the discount factor
that discounts the reward r depending on how far off in the future the reward was obtained. If
the discount factor is smaller than one, it is more valuable to get rewards early on rather than
later.

For the agent to judge the quality of a given state in an environment, it learns its value through
a value function. The value function denotes the desirability of being in a state at a given point
in time. In the present study, the optimal action-value function Q" will be used — which
expresses the expected return if the agent starts in a state s, takes an action a, and then acts
according to the optimal policy forever after:
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Q*(s,0) = maxEr1[R(2)ls,a] )

max, indicates the policy yielding the maximum expected return and 7~m indicates that the
trajectory is sampled according to the policy. Importantly, Q" can be rewritten as a recursive
function, called the Bellman equation for Q" (60):

Q"(s,0) = Eg p|r(s,a,s) +ymaxQ’(s',a) 5)

s'~P indicates that the next state is sampled according to the environment’s transition rules,
r(s,a,s") is the reward received in the next state s’ by taking action a in state s, and
ymaxg, Q*(s',a’) is the discounted maximum expected return in the next state s’. The
expected return O, also referred to as the O-value, of each state-action pair can be computed
— allowing for the optimal action a” in a given state to be obtained via:

a*(s) = argmax,Q*(s, a) (6)
arg max, specifies the action which maximizes Q*(s, a) and yields the highest O-value.

The optimal action-value function (Q7) is not known at the start and needs to be solved. A
common approach to solve Q" is via Q-learning (61). The Q-learning algorithm incorporates
the Bellman equation for Q" to iteratively update QO:

Qisa(s,@) = g [r +ymax Qi(s',a) s, a] (7

where Q; » Q" when i — oo

Q is known as the O-function, which approaches or represents Q" at any given time. 7 indicates
iteration i, or transition i. By experiencing states and actions, Q can iteratively be updated until
it reaches Q" or is close enough to it. The agent will select actions based on an action selection
mechanism. A typical method for action selection is e-greedy and is defined as:

- { arg max,Q(s,a) with probability 1 — €
random action with probability €

In essence, the agent will choose to perform a random action with probability €, and will select
the optimal action (based on what the agent knows about the environment so far) with a
probability 1- €. Through this continual interaction, the agent will eventually learn which
actions to perform at each state.

However, a problem with this tabular approach is that it is impractical, because the state space
and action space in most interesting problems are often too large. This approach may not
converge to Q" and lacks generalization capabilities (only able to yield accurate expected
returns given actions and states that it has experienced previously). In reinforcement learning,
generalization is typically solved by some form of function approximation by representing the
value function as a linear function or as a neural network. A major breakthrough in
reinforcement learning was the use of the representational power of deep neural networks
instead of tabular value functions which led to the creation of Deep Q Networks (DQN) (56)
and spurred an entire research field called Deep Reinforcement Learning.
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Specifically, a function approximator, in this case a deep neural network, approximates
Q*: Qg =~ Q". The parameterized action-value function Qg is thus a neural network, referred to
as the O-network, which receives as input a state s and outputs the expected return for each
possible action in that state. The parameters 8 of the Q-network are estimated by minimizing
an objective function [with respect to 8], which aims to yield an accurate approximation of Q*:

2
min [(T(Si: a;,s;) +v max Q(si, aj, 91'_)) —Q(spa;, 91’)] (8)

ming, indicates that 6 is being adjusted at each iteration (7) to minimize the objective function.
The objective function is the mean squared error between the target (left term between brackets)
and the prediction (right term between brackets). For stability purposes, the target network has
its parameters 6~ held fixed when minimizing the objective function to not have a continually
moving target. The method is referred to as DON, and the minimization procedure referred to
as training — which is an iterative procedure that iteratively tries to minimize the objective
function over the course of thousands of episodes.

To better understand the concept of reinforcement learning from a higher level, and to tie it to
the process of method development, let us consider the agent-environment interaction. This
can be thought of as an analyst performing liquid chromatography (LC). If the environment is
the LC with its internal physics and chemistry (for example the interactions of analytes with
the stationary phase inside the column), then the agent would be the analyst, interacting with
the LC. The analyst merely sees a representation of the interaction between a mixture of
compounds and the mobile/stationary phase. This representation will take the form of a
chromatogram (or retention times), which is the output of the LC. Based on this output, the
analyst decides the next action, and as a consequence of this new action, a new representation
of a state (new output) is presented to the analyst, and so on. These abstractions are important
to understand the roles of the agent and the environment and how they interact, as well as the
important differences between them.
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3 MATERIALS AND METHODS
3.1 Chemicals

The compounds used in this study, together with their structure, Log P and pKa values, stock
solvent and supplier, are mentioned in Table S-1 in the Supporting Information. Structures
were drawn in Marvin Sketch (v20.9.0, 2020, ChemAxon (www.chemaxon.com)) and values
were gathered from PubChem (62). The solvents used to prepare stock solutions and mobile
phases were: acetonitrile (ACN, HPLC grade) purchased from Fisher Chemical
(Loughborough, UK); formic acid (99%) purchased from Acros Organics (Geel, Belgium); and
ammonium formate (> 99.995%) purchased from Sigma-Aldrich (Diegem, Belgium). Ultra-
pure water (H20, conductivity = 0.1 uS/cm, pH 6.00) was produced in the laboratory using a
Milli-Q gradient purification system from Millipore (Bedford, MA, USA).

3.2 Apparatus

All measurements were done on an Agilent Infinity 1290 system from Agilent Technologies
(Waldbronn, Germany) that consisted of the following modules: a quaternary pump (G4204A),
an autosampler (G4226A), a thermostatted column compartment (G1316C) and a diode array
detector with a 1.0 pL flow cell (G4212A). OpenLab software (Agilent Technologies) was
used to operate the system and acquire and analyse the data. Further data treatment was done
in Microsoft Excel. The maximum pressure of the system was 1200 bar. The injection volume
was kept constant at 0.50 uL and the flow rate was 0.500 mL/min. The detector was set at an
acquisition rate of 40 Hz to measure the retention times of the compounds and at 80 Hz to
measure the column void and extra-column times. The considered wavelengths were 240 nm,
254 nm and 275 nm. The column was placed in an oven with a constant temperature of 30.0
°C. Analyses were performed on an Xbridge Cs column (2.1 x 50 mm; 2.5 um) from Waters
(Wexford, Ireland). Connections between the autosampler, column and detector were made
with nanoViper tubing (inner diameter: 75 pm, total length: 1000 mm) from Thermo Scientific
(Germering, Germany).

3.3 Stock and working solutions

Stock solutions of all compounds were prepared in pure organic (ACN) or aqueous solvent,
depending on their solubility, as mentioned for each compound in Table S-1, in a concentration
up to 10,000 png/mL. Working solutions were made by diluting the stock solutions to 20 ug/mL
in a final solvent mixture of 1.000 mL 5/95 ACN/H-O.

3.4 Dataset

Retention factors were collected for 82 representative small molecules (see Table S-1),
covering a wide range of physiochemical properties, at ten different isocratic strengths wherein
the fraction of ACN (¢pacn) was varied between 0.05 and 0.90 (in 0.10 intervals between 0.10
and 0.90). The aqueous component of the mobile phase was an ammonium formate buffer
(brought to pH 3.00 with formic acid). Each compound was injected in triplicate and obtained
retention times were averaged. The obtained retention times were converted into retention
factors using the following equation:

_ tr—tg
to—te

)
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Wherein t; is the retention time of a particular compound, to is the elution time of an unretained
marker (thiourea in this study) and t. is the extra-column dead time, obtained by replacing the
column in the system by a zero dead-volume union and injecting thiourea under the same
experimental conditions as for t; and to.

Some compounds in the dataset were so strongly retained at low @acn (e.g., 0.05 and 0.10) that
it became impractical to record their retention factors in a reasonable amount of time.
Therefore, the retention factors at low @acn for these compounds were estimated by fitting the
Neue-Kuss model (Eq. 1) to the available retention factors, and then using the fitted Neue-Kuss
model to determine the missing retention factors. Some other compounds were highly polar
and did not retain adequately (defined as having a retention factor below 2.5 at 0.05 @acn or
having less than five retention factor values above 0.001) resulting in unreliable data. These
compounds were therefore discarded in this study. The final remaining number of compounds
was 57. Furthermore, all datapoints were clipped to have a lowest k-value of 0.001, which was
necessary because inherent measurement errors caused low retention factor values to be
unreliable, with fluctuations between small positive (<0.001) and small negative (> -0.001)
values. All experimentally obtained retention factors are shown in Table S-2 in the supporting
information. In addition to isocratic retention data, experimental gradient retention data were
additionally collected for the 57 compounds. For this purpose, four different gradient profiles
were experimentally run (see Table 1).

3.5 Compound simulator

To train the O-network, a compound simulator was created to generate sufficient training data
for the O-learning algorithm. By fitting the Neue-Kuss model to all the experimentally obtained
retention data for the 57 compounds described above, ranges of parameter values (S, Sz and
kw) were deduced, and these ranges and their mutual relations laid the basis to generate
retention parameters for simulated compounds (see Figure S-1 and S-2 in the Supporting
Information). The simulator generated a simulated compound in five steps:

1. S; was randomly sampled between 10°? and 10'%;

2. 8> was sampled from its relationship with S;: S, = 2.5010 - log S; — 2.0822 + 4,
where r; is a random number sampled from a uniform distribution U~(—0.35, 0.35);
3. kw was sampled from its relationship with S;: k,, = 100-08395140:5054472 "'where 1, is
a random number sampled from a uniform distribution U~(—1.2,1.2);

4. the resulting parameter values were input to the Neue-Kuss model to output ten
datapoints (retention factors) between @pacn= 0.05 and 0.90;

5. random noise sampled from a normal distribution N~(1.0, 0.1) was added to each
datapoint via multiplication.

The last step was included to mimic the noisy nature of the experimental data. A total of 10,000
compounds were simulated according to the five-step procedure above; each of which would
occupy a single episode in the complete training of the deep O-learning algorithm. Although
not directly evaluated, 10,000 simulated compounds were considered sufficient to capture the
compound space for the specific HPLC setup.
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3.6 Double deep Q-learning algorithm
3.6.1 Environment

The dynamics of the reinforcement learning environment aimed to mimic that of a real
chromatographic workflow: sequentially selecting [isocratic] scouting runs for one compound
at a time (see Figure 1).

For consistency, and to allow for evaluation on experimental data later on, the state and action
space of the environment was restricted to the fractions of organic modifier (pacn) that had
been experimentally run (namely 0.05 and 0.10 to 0.90 in steps of 0.10; Table S-2).
Specifically, a state was defined as an array of 10 elements, each of which was a placeholder
for a retention factor value at a certain @acn (e.g. the first element was a placeholder for the
retention factor value at 0.05 @acn, the second element was a placeholder for the retention
factor value at 0.10 @acn, and so on). The default value of the elements in the array when a
given placeholder was not holding any retention factor value was set to -1, as is the case when
no scouting runs had been run (see Fig. 1). The value was set to -1 and not 0 in an attempt to
make the O-network more easily distinguish between a non-retention factor value and a low
retention factor value. Similar to the state space, the action space was defined to select from
the different @acn that had been run experimentally, with an addition of a STOP action,
allowing the agent to stop performing scouting runs (see Fig. 1). At each step, the agent was
given the choice to select one specific scouting run, or to stop.

To teach the agent to select desirable scouting runs that can be used to accurately model the
retention behavior of a given compound, a reward function was defined. The reward function
was defined in such a way as to teach, or reinforce, the agent to select optimal scouting runs.
After the agent had finished performing scouting runs (and at least three different scouting runs
had been selected and run), the resulting retention factors (from those three scouting runs) were
used to fit the Neue-Kuss model (see appendix A for more information). Subsequently, the
reward function computed a reward based on the inverse of the mean relative error (MRE™)
between the target retention factors (y) and the retention factors predicted by the Neue-Kuss
model ():

reward = MRE1, (10)
where MRE = — };’1% (11)

The targets y are assumed to be the frue retention factors which we want the predictions  to
be as close as possible to. In the best-case scenario, true retention factors would be obtained
from real experiments. However, as mentioned before, because Q-networks need a lot of
training data, simulated compounds were used instead; and the relatively few (57) experimental
compounds were held-out as a test set, and later used to evaluate the agent after it had been
trained. Although the training data were randomly sampled using the simulator, which used
ranges of Neue-Kuss parameter values (Si, S2 and kyw) that were based on those of the
compounds in the held-out test set, these parameters were merely roughly deduced from the
overall trends of the parameter values of the test compounds and should therefore not
undermine the purpose of the held-out test set, which is to evaluate the agent on real ‘unseen’
data. Importantly, the MRE was always calculated based on all (10) retention factors (0.05 —
0.90 @acn), as the purpose was to obtain models that predicted well for all (10) @acn.
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Furthermore, if the agent stopped before three scouting runs had been selected, the MRE
evaluation (Eq. 10) was not carried out and the agent was rewarded zero (0). Finally, the agent
was penalized (negatively rewarded) in two ways:

1. by selecting scouting runs that had already been selected before, penalized -5;
2. by selecting scouting runs that resulted in long analysis times (> 1 hour), penalized
based on a sigmoidal (s-shaped) function f;:

1
fs(k) = 1—e—(k0.00425-4.0) x 20 (12)

where k is the retention factor. The function f; is adapted in such a way as to have a maximum
penalty close to the maximum reward that can be obtained (Eq. 10), and a minimum penalty at
zero (0). These penalties were implemented to enable the agent to quickly learn not to select
the same scouting run multiple times, and to avoid selecting scouting runs that would result in
high analysis times, respectively. The analysis time penalty (Eq. 12) was important because the
O-network had to learn to tailor the choice of scouting runs depending on the retention behavior
of the compound. For example, if the agent had to select scouting runs for a highly retained
compound, it was expected to avoid running scouting runs at low @acn.

3.6.2 Agent

In this study, as an extension to the deep O-learning algorithm introduced in section 2, a double
deep Q-learning algorithm (63) with experience replay (64,65) was implemented.
Additionally, an epsilon-greedy policy (60) was incorporated for selecting actions (see
appendix A, B and C for details on these implementations respectively).

Instead of having a single O-network for both the target and the prediction together, the double
deep Q-learning algorithm utilizes two separate neural networks with two separate O-functions
to approximate Q": a target network and a prediction network, for the target and the prediction
respectively. The minimization procedure is based on the procedure of a single O-network as
described in (Eq 8). The target network has fixed parameters 6~ which are updated every N
episodes by having the prediction network copying over its parameters 6, while the prediction
network is updated every episode via the minimization procedure (Eq. 8).

It is of great importance to have a separate network to produce the target, because it counters
the issue of overestimating and biasing the target. The overestimation (and bias) of the target
naturally occurs for standard Q-learning and DQN due to the max operator (cfr. maxa in eq. 5
and 6) both selecting and evaluating the actions. Hasselt et al. have shown how Double deep
(Q-learning produces more accurate estimations of the expected return as well as better policies
(63,66).

A crucial quality of the minimization procedure (Eq. 8) is that it can be formulated to accept
diverse batches of non-correlated examples. Specifically, the minimization step can be done
batch-wise, where each batch contains transitions from different trajectories. In other words,
each batch may contain tuples (s,a,s’) from entirely different scouting runs. To be able to
sample such batches, a memory unit called replay memory was implemented to store transitions
that were experienced by the agent while it was performing scouting runs. These stored
transitions were scheduled to be sampled (in batches) after each episode, and to be directly
used to train the agent (minimize the objective function). Although we did not test any
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algorithm without experience replay (replay memory), it is believed that this technique greatly
stabilizes and smoothens the training process (64,65). The discount factor y was set to 0.95 as
an attempt to give slightly higher weight to early rewards.

3.7 Evaluation

After the double deep O-learning agent was trained, it was evaluated on real, experimental data.
Similar to how the agent selected scouting runs for simulated data during training, the agent
selected scouting runs for isocratic experimental compounds. The resulting Neue-Kuss model
(fitted on the retention factors resulting from the scouting runs selected by the agent) were then
used to predict the retention factors for a// 10 isocratic scouting runs. Additionally, the same
Neue-Kuss parameters were also used in the Neue-Kuss equation for gradient elution, which
was used to predict retention data under four different gradient conditions (Table 1). The model
for gradient elution is defined as follows:

-s t
1 (14+5200)%In(1+S1 Bky exp(HSl;prO)(to —ﬁ))

tr,gradient = § 1_52(1+§i<p0) In(1+S; Bk exP(;?;fpoo)(to_;_ﬁ))

+to+tp (13)

where Sy, S, and k,, are the same parameters as for the isocratic model (cfr Eq. 1), t; gradient
is the gradient retention time, @, the fraction of strong eluting solvent in the mobile phase at
the start of the gradient, B the slope of the gradient (= Agp/tc), Kk the retention factor at @y, t,
the elution time of an unretained compound and tp the dwell time of the system (the time the
mobile phase needs to flow from the pump to the head of the column). The predicted retention
factors (for both isocratic and gradient runs) were then compared to all experimental data
available for that compound by calculating the mean relative percentage error (MRPE) with
modification, as follows:

MRPE = Z%&H x 100 (14)
The (modified) MRPE was used as it was less sensitive to small k-values (<0.1), creating a
more stable and robust evaluation metric. To further illustrate how well the resulting model
(based on the selected scouting runs) performed, a comparison was made to a model fit on all
available isocratic datapoints (0.05 — 0.90 @acn), a model fit on a random selection of three
isocratic scouting runs, as well as a model fit on a chromatographer’s selection of three scouting
runs, namely @acn= 0.1, 0.5 and 0.8.
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4 RESULTS AND DISCUSSION
4.1 Learning curves: training progression

To illustrate how the agent learned to perform optimal scouting run selection, the rewards and
number of selected scouting runs were collected during the training procedure. Figure 2
illustrates both how the reward and the number of selected actions changed over the first 3500
episodes. In addition, for comparison, the theoretical optimum (highest possible reward) was
also calculated and plotted. Notice that the theoretical optimum does not reflect the best
possible performance by an agent, but rather illustrates what in theory could be obtained.
Specifically, the theoretical optimum was obtained by selecting, for each and every compound
separately, the combination of (three) scouting runs (out of the 120 combinations that exist for
3 actions and 10 possible states) that resulted in the highest reward. Due to random action
selection, leading to poor retention models and high penalties, the reward given to the agent
started off at high negative values (around -5 to -15). Specifically, the low reward as well as
the high number of selected scouting runs in the first 100 episodes confirmed that the selected
actions were highly random (due to the high & for the epsilon-greedy policy). Between episode
100 and 200 however, the agent started to select scouting runs non-randomly, which resulted
in the agent selecting much fewer scouting runs (around 2 on average). Notice that, although
not yielding a retention model due to too few scouting runs (< 3), the agent had at this point
learned to select better actions than before, because no or fewer penalties were given. After
200 episodes, the agent went from an insufficient number of scouting runs (which resulted in
a reward around 0) to selecting enough scouting runs for a retention model, resulting in a
positive reward outweighing potential penalties. In other words, after 200 episodes, the agent
started to learn how to optimize the selection of scouting runs for retention modelling —
selecting around four scouting runs on average, which is on average one scouting run more
than the minimum required to fit a three-parameter model. This number was overestimated due
to the epsilon-greedy policy (¢ > 0), which is likely to cause the agent to select scouting runs
sub-optimally (i.e. not selecting actions with the greatest Q-value). Notice, although not
visualized, if only the greedy policy was followed (epsilon = 0), the agent would select closer
to three scouting runs on average.

4.2 Scouting run selection

After the agent, or the O-network, was optimized or trained to select scouting runs for simulated
data, it was evaluated on experimental data. Figure 3 illustrates how the agent selected scouting
runs for four representative compounds it had never seen before (see Table S-3 for complete
results). For the four compounds considered in Figure 3, pacn of 0.20 and 0.90 were selected
by the trained agent; and for all four compounds, three scouting runs were run in total (which
is the minimum requirement). What differed between compounds of different retention
behavior, specifically between less retained compounds (e.g. nitrobenzene and o-
methylacetophenone) and more retained compounds (e.g. iodobenzene and anthracene), was
the selection of the third scouting run (@ac~ of 0.05 for the less retained compounds and 0.50
for the more retained compounds), which indicates that the selection of scouting runs was
tailored based on the retention behavior of the compounds. Because nitrobenzene and o-
methylacetophenone are less retained compounds, they were both selected to be run at as low
as @acn=0.05. Intuitively, a scouting run at @acn=0.05 holds important information for a
retention model but requires significantly longer analysis time for highly apolar compounds,
like iodobenzene and anthracene. For these highly retained compounds, pacn=0.05was avoided
and instead @acn=0.50 was selected by the agent. Furthermore, in all cases, the scouting run
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selection spanned a wide range of selectable @acn, in a relatively evenly spaced-out manner,
which intuitively should result in more accurate retention models. Finally, these results
illustrate that the penalty given to the agent for selecting scouting runs resulting in high (>> 1
hour) analysis times (i.e. high retention factors), made the agent avoid the lower percentages
for compounds like iodobenzene and anthracene, but not for compounds like nitrobenzene and
o-methylacetophenone, which in regards to this study was highly desirable.

4.3 Q-values: taking action

While Figure 3 illustrates which actions the agent took depending on the retention behavior of
the compounds, Figure 4 illustrates how the agent, or the O-network and its Q-values, decided
which actions to take, given a certain state. It also illustrates how the (O-values varied between
steps and between compounds with a different retention behavior (specifically, in Figure 4,
acetophenone and biphenyl). Interestingly, the penalty given for high analysis times, forced the
O-values for pacn=0.05 and pacn=0.10 to differ significantly between the two compounds.
Specifically, biphenyl, which is more retained than acetophenone, was predicted by the Q-
network to result in a high penalty if run at @acn=0.05 or pacn=10.10 (the analysis time would
be too long), and therefore predicted higher Q-values at higher pacn. Furthermore, the penalty
given when the same @acn was selected more than once, resulted in a significant lowering of
the O-value in the succeeding steps for that @acn.

Acetophenone had higher Q-values on average, suggesting the reward/penalty on average was
greater for less retained compounds (like acetophenone) than higher retained compounds (like
biphenyl). This suggests that (1) @acn=0.05 was an important datapoint to accurately model
retention behaviors (resulting in a low MRPE) — a datapoint which did not get selected for
highly retained compounds due to high penalties; (2) the continual higher penalties for highly
retained compounds forced down the O-values.

Although not directly presented in this study, the number of selected scouting runs, as well as
the specific selection of scouting runs may differ between agents trained on slightly different
data. Specifically, Figure 4 illustrates how several actions have similar O-values given a certain
state, which could easily nudge the agent in a different direction. This does not necessarily
mean that the agent (or the double deep Q-learning algorithm) is not robust, but rather that
there are several solutions to the problem — i.e. several directions (combinations of scouting
runs) that result in good retention models.

4.4 Retention model performance: isocratic and gradient prediction errors

To get a better understanding of how well the retention models resulting from the scouting runs
selected by the agent perform, the prediction accuracy of these retention models was compared
to the prediction accuracy of retention models obtained by fitting to (1) all 10 available isocratic
data points (pacn of 0.05 to 0.90); (2) a random selection of three isocratic scouting runs and
(3) a chromatographer’s selection of three isocratic scouting runs, namely @acn= 0.1, 0.5 and
0.8. These four differently obtained retention models were also used to predict gradient
retention factors for four different gradients (Table 2).

Table 2 illustrates the MRPE between the experimentally obtained data and the predictions, for
both isocratic and gradient data (see Table S-4 for complete results). The retention model
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obtained by the agent (based on (mostly) 3 scouting runs), performed comparably and better to
the retention models based on all experimental datapoints and the retention models based on
the chromatographer’s selection of three scouting runs, for the isocratic and gradient data
respectively; and performed significantly better than the retention models based on the random
scouting run selection. Importantly, the models resulting from the agent’s selection of scouting
runs were, compared to retention models based on all datapoints, obtained via seven fewer
datapoints; i.e. seven fewer scouting runs, saving significant time and costs. These results
indicate that the agent successfully learned to optimize the scouting run selection.

The reason why the retention model obtained by the agent had a significantly lower gradient
prediction error compared to the retention model fitted on all datapoints and the
chromatographer’s selection, lies in the high prediction error for the lowly retained compounds.
It is speculated that (1) having many datapoints at medium-high @acn for the lowly retained
compounds, where most @acn have retention factors close to 0, is forcing the estimated
parameters (kw, S1 and S2) to model the behavior of the given lowly retained compound
favorably in the regions of low @acn, but highly unfavorably in the regions of high @acn, which
is more relevant for gradient retention modelling; and (2) not having @ac~ of 0.05 (in the case
of the chromatographer’s selection) misses out on valuable information for gradient
predictions.

5 Conclusions

In this study, a reinforcement learning algorithm, specifically the double deep Q-learning
algorithm, was shown to be able to learn to optimally select informative scouting runs in a fully
self-taught way. Although only isocratic scouting runs were considered for a specific RPLC
setup, these experiments illustrate how the agent learned to tailor the selection of scouting runs
for different compounds depending on the retention behavior (mainly defined by its polarity,
or kyw). The experiments also illustrate how the agent limited the number of selected scouting
runs yet still yielding a retention model with low prediction error (MRPE of 3.77% and 1.93%
for isocratic and gradient data, respectively). The strategy of the agent was to select relatively
evenly spaced-out scouting runs (in terms of @acn), including at least one scouting run at low
¢@acN (as long as the analysis time was not too long), and at least one scouting run at high @acn.
Intuitively, selecting scouting runs as such will cover a greater space, better capturing the
complete behavior of the compound. The retention models based on the agent’s selection of
scouting runs (MRPE of 3.77% for the isocratic data and 1.93% for the gradient data) compared
well to both the retention models fitted on all datapoints (MRPE of 3.26% for isocratic data
and 4.97% for gradient data) and the chromatographer’s selection (3.86% for isocratic data and
6.66% for gradient data); and performed significantly better than retention models based on the
random selection of three scouting runs (MRPE of 46.30% for isocratic data 7.60% for gradient
data).

Although the double deep O-learning algorithm presented in this study shows potential, it has
only been tested on its ability to learn from isocratic data for a specific RPLC setup. This double
deep Q-learning algorithm is also limited to a discrete, and preferably small, action space,
which could potentially be a problem for tasks like selecting scouting runs for gradient elution
— where the action space is either larger or continuous. The prospect is to develop a
reinforcement learning algorithm that can deal with a more complex/larger state and action
space (e.g. Branching Dueling Q-learning (67)) and/or continuous action space (e.g. Twin-
Delayed Deep Deterministic Policy Gradient (TD3) or Soft Actor-Critic (SAC) algorithm
(68,69)), to be able to perform scouting runs for a mixture of compounds (i.e. selecting scouting
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runs for multiple compounds at the same time) in a more complex setting such as gradient
conditions. If such an algorithm can be developed successfully, it would be worthwhile
integrating it into normal practice.

Availability

All code used in this study (except the plots), including the complete implementation of the
agent and the environment, can be found at https://github.com/akensert/ddgn-isocratic-
scouting-runs. Due to stochasticity in training an artificial neural network, results may differ
somewhat from run to run. InChl for each experimental compound evaluated in this study can
be found in supplementary table 5 (Table S-5).
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Figure Captions

Figure 1: A simple schematic illustration of the interaction between agent and environment.
A) the environment supplies the agent with a state s, which is an array of retention factors (k)
where each element corresponds to a (pacn; based on this state s the agent produces an array of
O-values for each action. B) the agent takes the greedy action, namely the action with the
highest O-value, resulting in a new state s’. For readability, the figure excludes the reward and
only covers one single transition (s,a,s’).

Figure 2: Illustration of how the reward (top; blue) and the number of scouting runs selected
(bottom; orange) by the agent increased over the number of episodes. To reduce the noise of
these learning curves, a moving average filter was applied to the data (window size of 35). The
lighter shaded areas represent a 95% confidence interval of the average lines. The black line in
the top plot illustrates the theoretical optimum (the highest possible reward) that can be
obtained by selecting the best combination of three scouting runs out of 120 different
combinations.

Figure 3: Illustration of how the scouting runs were selected sequentially for four
representative compounds with a significantly different retention behavior. The estimated
Neue-Kuss parameter kw can be used to assess the retention behavior of the compounds, with
a high ky indicating strong retention, and a low kv indicating weaker retention. The blue dots
indicate the experimental data, the orange triangles pointing to the x-axis indicate the scouting
runs selected (sequentially, 1— 3), and the orange lines indicate the predicted retention model
resulting from the scouting runs. MRPE stands for mean relative percentage error. The y-axis
has been set to log scale to better visualize the prediction of lower pacn values.

Figure 4: Illustration of how the scouting runs were sequentially (from top to bottom) selected
based on the highest Q-value at each step, for two representative compounds. Similar to Figure
3, the estimated Neue-Kuss parameter kw indicates the retainability of the compounds, with a
high kw indicating strong retention, and a low ky indicating weaker retention. Orange bars
indicate the selected actions.
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Appendix:
Deep Q-learning for the selection of optimal

isocratic scouting runs in liquid chromatography

A: Retention Model

The retention model used in this study was the Neue-Kuss model (Eq. 1). The model is obtained
by fitting the model’s parameters (S;, S> and ky) to the available datapoints for a given
compound. The fitting is done via Nelder-Mead  optimization (doi:
https://doi.org/10.1093/comjnl/7.4.308), which is a type of simplex method.

B: Double Deep Q-network

In this study, the two Q-networks had a 10-unit input layer (corresponding to the state of the
environment), two 1024-unit hidden layers with rectified linear unit activation and a dropout
rate of 0.2, and a final 11-unit linear output layer (corresponding to the actions of the agent).
While, the prediction network was updated each episode via the minimization procedure, the
target network was updated (by copying over the prediction network’s parameters) every 64
steps. The batch-size, which is the number of transitions used per minimization step (Eq. 8),
was set to 128. To minimize the objective function (Eq. 8), a stochastic gradient descent
optimizer was used, with a momentum and an initial learning rate of 0.9 and 0.001 respectively.
The learning rate was scheduled to decay for 4096 iterations (episodes) until it reached a
minimum learning rate of 0.0001.

Before selecting the hyperparameter values mentioned above, some preliminary testing was
done (i.e. the O-network was tested with different hyperparameter values). The number of
hidden units was varied between 512 and 2048 (for which 1024 was equal or better to the other
values and was therefore selected), the number of layers were varied between 1 and 3 (for
which 2 was selected), and the dropout rate was varied between 0.1 and 0.5 (for which 0.2 was
selected). Furthermore, the initial learning rate was varied between 0.01 and 0.001 (for which
0.001 was selected), and both rectified linear unit (ReLU) and sigmoid activation was tested
(for which ReLLU was selected). Finally, discount factor y was varied between 0.0 and 1.0 (for
which 0.95 was selected).

C: Replay Memory/Experience Replay

Because the batch-size was set to 128, the number of samples sampled from the replay memory
unit was also 128. The capacity (maximum number of transitions stored) for the replay memory
unit was restricted to 2048. This restriction was added to avoid having the O-network learn
from old experiences (transitions). The sampling of transitions from the replay memory unit
did not start until it had at least 512 transitions stored; because the Q-network (or specifically
the prediction network) was updated every episode, having at least 4 times the batch-size of
transitions helped to avoid having the O-network train on similar batches multiple times in a
row; and although no evidence is presented here, it was thought that this could potentially bias
the O-network at the beginning of training and hence slow down learning. As for the
hyperparameters of the O-network the batch size was varied between 32 and 512 (for which
128 was selected).
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D: Epsilon-greedy policy

The epsilon-greedy policy is important for balancing the exploration-exploitation tradeoff. The
epsilon-greedy policy in this study was divided into &initiar, Edecay> and Eminimum, Which
were set to 1.0, 0.99, and 0.1 respectively. This made the agent take mostly random actions
(exploring) in the beginning, and increasingly by time started to take actions based on the
output of the Q-function (the Q-values), namely arg max,Q (s, a) (exploiting), The minimum
epsilon was kept at 0.1 to force the agent to explore throughout the entire run. As for the
hyperparameters of the O-network, the initial epsilon, the decay rate, as well as the minimum
decay was varied between 0.1-1.0, 0.99-0.999 and 0.0-1.0 respectively. For which 1.0, 0.99
and 0.1 was selected respectively.
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