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ABSTRACT

DATA QUALITY CONTROL AND INTER-FUNCTIONAL ANALYSIS ON DYNAMIC
PHENOTYPE-ENVIRONMENTAL RELATIONSHIPS

By

Lei Xu

Plant phenomics have become essential component of modern plant science. Such com-

plex data sets are critical for understanding the mechanisms governing energy intake and

storage in plants. Large-scale phenotyping techniques have been developed to conduct high-

throughput phenotyping on plants. However, a major issue facing these efforts is the de-

termination of the quality of phenotypic data. Automated methods are needed to identify

and characterize alteractions caused by system errors, all of which are difficult to remove in

the data collection step. Another issue is we are limited by the tools to analyze fully the

phenomics data, esp. the dynamic relationships between environments and phenotypes.

The overarching goal of this thesis is to explore dynamic phenotype-environmental data

via data mining/machine learning methods. Raw data measured from biological devices is

pre-processed to numerical data, then cleaned by Dynamic Filter to ensure high data quality

for further analysis. The cleaned data is further explored and applied with inter-functional

analysis in order to find patterns that comply with both machine learning methodologies

and biological constraints.

In this thesis we developed two tools to make exploration of phenotyping data available:

(1) For data quality control, we developed a coarse-to-refined model called Dynamic Filter

to identify abnormalities in plant photosynthesis phenotype data. (2) For inter-functional

phenomics data analysis, we present a new algorithm called PhenoCurve for inter-functional

phenomics data analysis.
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Chapter 1

Introduction

Plants capture sunlight to fix CO2 into energy rich molecules, thus supplying our ecosystem

with O2 and essentially all of its biological energy, including 100% of our food. In plants,

photosynthesis is the primary energy source for metabolism and growth. Understanding how

plants optimize or regulate it in response to a continuously changing and unpredictable en-

vironment is an essential component for developing strategies to improve crop yields to meet

our growing needs for food and fuel [32]. Recent work has focused on improving the efficiency

of photosynthesis to meet our growing needs for food and fuel ([9, 65, 32]). In order to de-

velop efficiency-boosting mechanisms that reduce energy losses or enhance CO2 delivery to

cells during photosynthesis, advanced technologies in high-throughput plant photosynthetic

phenotyping and pheno-informatics have been developed ([74], [29, 61, 14]). These technolo-

gies have allowed plant photosynthesis phenotypic variability to be characterized and to be

related to putative biological functions, leading to a better understanding of the underlying

mechanisms that control photosynthetic properties under various environmental conditions.

Plant phenomics is a first-class asset for understanding the mechanisms regulating energy

intake in plants ([52, 19]).

Plant phenotyping systems monitor photosynthetic performance for many plants both

continuously and simultaneously. Phenomics datasets are large and continue to grow as

we increase duration of sampling and resolution. Yet despite the size and richness of the

data, small clusters of erroneous values, which give the appearance of real differences in
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biological responses, can skew the analysis towards an invalid interpretation ([27]). There are

several ways in which a measurement can be in error: errors originating from instrumentation

malfunctions, biased values from miscalibrated sensors, and inevitable errors of precision. All

these issues compromise the downstream data analysis tasks. Given the value of clean data

for any operation, the ability to improve data quality is a key requirement for effective

knowledge mining from large-scale phenotype data.

Advanced technologies in high-throughput plant photosynthetic phenotyping have been

recently developed, allowing various photosynthesis parameters (such as ΦII , qE , qL, qI , and

NPQ) to be to characterized and to be related to putative biological functions [29, 52, 59,

14]. In parallel, machine learning and computer vision algorithms have been developed for

phenotype information retrieval, data quality control, and knowledge discovery [24, 62, 71,

72, 69, 21].

With the large volume of plant phenotype data been generated, normalized and cleaned,

biologists expect to immediately identify mutant strains with efficient photosynthesis ma-

chinery, and quickly generate and test biological hypotheses that may lead to new break-

through in bio-energy research. Indeed, computational tools have been developed to identify

temporal patterns from phenomics data [70], to group plants by phenotypes [21], and to

predict unknown gene functions [64]. Nevertheless, it has been emphasized in literature that

it is crucial to simultaneously measure and model multiple kinds of phenotypes and environ-

mental factors to arrive at a holistic characterization of plant performance [68, 33, 25, 66].

Specifically, photosynthesis must respond to changing environment to provide the optimal

amount of energy to meet the needs of the organism, in the correct forms, without producing

toxic byproducts, e.g. reactive oxygen species or glycolate [32]. In this context, photosyn-

thesis is a set of integrated modules that form a self-regulating network modulated by signal
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transduction.

This chapter is devoted to an overview of these two broad topics of exploring phenotyping

data, aiming to develop a general correspondence from data cleaning to inter-functional

analysis. Here we move towards to the definitions in a fairly non-technical manner and the

formal detailed definitions will be given in Chapter 2.

1.1 Data quality control

In this thesis, we focus on data abnormalities detection, which is a type of measurement

error, in order to demonstrate how clean phenotype data can be obtained. Similar to sensor

data, abnormalities in plant phenotype data deviate significantly from expected patterns

and are visible outliers in the whole dataset ([56, 58]). The majority of abnormalities in

plant phenotyping originate from instrumentation malfunctions (e.g., loss of sensor synchro-

nization during measurement), or non-biological statistical outliers caused by data collection

limitations (e.g., deterioration of signal-to-noise ratio for a sample as it progresses through

the experiment).

Data abnormalities are often viewed as outliers in the whole dataset. Recent work has

shown the effectiveness of applying data mining techniques, especially outlier detection, for

the purpose of data cleaning ([39]), making it possible to automate the cleansing process

for a variety of domains ([48, 12, 40, 17]). In these methods, by detecting the minorities of

values that do not conform to the general characteristics of a given data collection, outliers

are identified and are considered violations of association rules or other patterns in the data.

However, the existing models are not suitable for phenotype data cleaning. These methods,

while applied to phenotype data, may remove outliers including both measurement errors

3



and true biological discoveries, since true biological discoveries, to some extent, are outliers

as well. Furthermore, detecting abnormalities from long time-series phenotype data requires

handling a high temporal dimension, which increases the model complexity.

In order to identify and remove abnormalities in phenotype data and to minimize the

deletion of biological discoveries, we have developed a coarse-to-refined residual analysis

algorithm, called Dynamic Filter. Dynamic Filter has three key steps: 1) identify abnormal

candidates at the coarse level, 2) refine abnormality identification in a projected feature

space, and 3) iteratively identify abnormalities at the refined level. Dynamic Filter can

speed up the data preparation process and make it more effective. Such improvements will

minimize time consuming and labor intensive data preparation and increase the significance

and confidence in biological discoveries. In summary, our model has the following advantages:

* To our knowledge, Dynamic Filter is the first work to integrate biological constraints

with time-series phenotype data for data cleaning.

* Our model can identify both abnormalities and biological discoveries.

* Dynamic filter outperforms the existing solutions by optimizing the fitness between

phenotype data and biological constraints.

1.2 Inter-functional Analysis

Studying the complex relationships between phenotype and environment poses several com-

putational challenges. First, given that the phenotype-environment relationship is largely

unknown, people tend to learn the inter-functional relationship using data driven approaches

such as linear regression or curve fitting. However, 1) it is difficult to choose the best fitting
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function since the relationship is usually non-linear [55]; 2) biological knowledge for describ-

ing the organism responses to environmental changes cannot be effectively incorporated into

these models; 3) the purely data driven approaches may be significantly affected by outliers

and bias in phenomics data, resulting in inaccurate phenotype-environment relationships.

Second, if a phenotype-environment relationship has been well studied, people tend to di-

rectly fit data onto a known biological model (such as Michaelis-Menten kinetics, one of the

best known models of enzyme kinetics) [16, 11]. Using a biological model, phenotype data

can be converted into less complicated model parameter values, which are biologically mean-

ingful and are easier to interpret than raw data [18]. However, biological models are simple

compared with the real world situation. It is inappropriate to directly use a static theoretical

model to learn dynamic relationships that vary over time and environmental conditions [69].

Finally, photosynthesis phenotypes are usually measured under dynamic environmental con-

ditions, in a relatively long time period, and on many plants with vastly different genetic

backgrounds. The broad range of data variation adds another level of complexity to the

problem. In summary, new inter-functional algorithms are required to explore the complex

phenotype-environment relationships.

In this article, we present a comprehensive data analysis approach called PhenoCurve

to explore the dynamic phenotype-environment relationships. Comparing to the existing

methods that solely model phenotypes or environmental factors, PhenoCurve, which enables

researchers to model phenotypes and environmental factors simultaneously, has three ma-

jor advantages. First, although phenotype and environment are measured separately with

different sensor techniques, they are biologically correlated. Studying the inter-functional

relationship may reveal patterns that cannot be discovered by only using phenotype or envi-

ronmental data. Second, the inter-functional analysis allows us to condense the huge amount
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of phenotype data into a succinct, highly compacted form, which will benefit all the followed

data mining processes such as clustering and gene ranking. Third, different to purely data

driven approaches, PhenoCurve is able to further improve its performance by incorporating

precious biological knowledge on plant photosynthesis phenotypes. In the following content,

we demonstrate the effectiveness of PhenoCurve by identifying the dynamic relationships be-

tween a key photosynthesis phenotype ΦII (steady state quantum yield of photosystems II)

and light intensity (denoted as i). PhenoCurve can be easily extended for other phenotype

and environment data with simple modification.

1.3 Thesis Contributions

In this section we shall elaborate on the main problems considered in this thesis and our key

contributions to address these problems.

This dissertation mainly deals with the exploring phenotyping data using machine learn-

ing/data mining techniques, including data quality control and inter-functional analysis.

Generally, we attempt to develop an application that is able to identify outliers with high

performance, and we attempt to design an algorithm for reliable and robust curve fitting for

phenotyping values.

• Dynamic Filter. The thesis proposes a coarse-to-refined model called Dynamic Fil-

ter to identify abnormalities in plant photosynthesis phenotype data by comparing

light responses of photosynthesis using a simplified kinetic model of photosynthesis.

Dynamic Filter employs an Expectation-Maximization process to adjust the kinetic

model in coarse and refined regions to identify both abnormalities and biological out-

liers. The experimental results show that our algorithm can effectively identify most
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of the abnormalities in both the real and synthetic datasets.

• Phenocurve fitting for inter-functional analysis. The thesis presents a new algo-

rithm called PhenoCurve for inter-functional phenomics data analysis. PhenoCurve is

a model based curve fitting algorithm aiming to study both the values and the changing

rates of the dynamic phenomics data. The evaluation on the real and simulated phe-

notype data showed that PhenoCurve has the best performance among all the tested

methods. Its application on real plant photosynthesis data revealed new functions of

core genes and processes that control photosynthesis efficiency in response to varying

environmental conditions, which are critical for understanding plant energy storage

and improving crop productivity.

1.4 Thesis Overview

The remainder of this dissertation is organized as follows. Chapter 2 lays out the foundation

for the rest of the thesis.

The first part of the thesis focuses on data quality control problem. In Chapter 3 we

focus on data quality control and the application Dynamic Filter developed , investigate how

it is proposed and try to address real case problem of low data quality.

The second part of the thesis deals with inter-functional analysis problem. Chapter 4

discusses the motivation and context of doing inter-functional analysis for phenotyping data,

especially after we obtained high data quality using Dynamic Filter.

Finally, Chapter 5 summarizes this work by concluding the main contributions, some

potential extensions and the future research directions. In order to facilitate independent

reading of various chapters, some of the definitions are repeated for multiple times.
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1.5 Bibliographic Notes

Some of the results in this dissertation have appeared in prior publications. The material

in Chapter 3 is based on a work published in the Bioinformatics on Oxford Journal [69]

(Bioinformatics) and the content of Chapter 4 comes from current work which is to be

submitted.
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Chapter 2

Background

The goal of this chapter is to give a general and formal overview of the materials related to

the work that has been done in this thesis. In particular, we will discuss the key concepts

and questions relevant to problems of data cleaning and curve fitting. The exposition given

here is necessarily very brief and the detailed discussion will be provided in the relevant

chapters.

2.1 Data cleaning for high data quality

Data cleaning is the process of identifying incorrect or corrupted records in a dataset. The

goal of data cleaning is to ensure an accurate representation of the real-world constructs to

which the data refer. Removing impurities from data is traditionally an engineering problem,

where ad-hoc tools made up of low-level rules (such as detecting syntax errors) and man-

ually tuned algorithms are designed for specific tasks (such as the elimination of integrity

constraints violations) ([44]). Detection and elimination of complex errors representing in-

valid values, however, go beyond the checking and enforcement of integrity constraints. They

often involve relationships between two or more attributes that are very difficult to uncover

and describe by integrity constraints. Recent work has shown the effectiveness of applying

techniques from statistical learning for the purpose of data cleaning. In particular, outlier

detection methods have made it possible to automate the cleansing process for a variety of
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domains ([13, 17, 31, 39, 40, 48]).

2.1.1 Related work

None of the existing outlier-detection based methods are suitable for phenotype data clean-

ing. First, both biological discoveries and errors of detection are difficult to separate from

distribution. Second, the cohesiveness rule used in temporal data cleaning is not applicable

for the phenotype data, because 1) a non-cohesive time-serial could represent an interesting

phenotype pattern rather than an error; 2) all the observations at the same time point may

be similarly affected by a systematic abnormal event ([44]).

Alternatively, rather than checking the raw values, residue analysis can be employed to

model the differences between the real values and the theoretical curve, which is usually

derived from biological constraints such as the generalized light reactions ([30, 38]). This is

often called the goodness-of-fit model. The goodness-of-fit based data cleaning models can be

classified into two categories. First, statistical distribution characters such as mean, standard

deviation, confidence interval or range have been used to find unexpected values indicating

possible invalid values ([39]). Such simple methods can be efficiently applied to big data.

However, these parameters (such as mean) are inclined to be biased by abnormalities with

large deviations. Since it does not take into account local characteristics of data, there is a

risk of mislabeling a range of normal data as abnormalities, and vice versa. Second, combined

data mining techniques are used to identify patterns that apply to most residual records.

A pattern is defined by a group of residuals that have similar characteristics (behavior for

certain percentage of the fields in the dataset). Outliers are then identified as values that do

not conform to the patterns in the data. Among them, the Hampel filter uses the median

of neighboring observations as a reference value and looks for local outliers in a streaming
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data sequence ([48, 49]). While the Hampel filter is suitable for temporal data cleaning, it

assumes that the data are independent and identically distributed, which is not valid under

dynamic environmental conditions. But when the data is highly autocorrelated, Hampel

filter may fail to capture abnormalities.

It should be noted that while the goodness-of-fit based data cleaning models focus on the

modeling of deviation, they are not aware that the theoretical curve, which is used as the

reference, may not always be precise. Typically, theoretical curves derived from biological

knowledge are simple compared with the real world situation. It is therefore inappropriate

to directly use the imperfect theoretical curve to infer abnormalities.

In this paper, we develop a coarse-to-refined residual analysis model called Dynamic

Filter to effectively identify abnormalities in plant photosynthesis phenotype data. Our

model derives a theoretical curve from the photosynthetic biological constraints; adjusts the

theoretical curve to fit the phenotype data via optimization; and then studies the deviations

of individual phenotype values from theoretical curve. The resulting patterns in residuals

indicate abnormalities, which is a type of errors of detection, and the optimized theoretical

curves reveal true biological outliers.

2.2 Inter-functional analysis

In this section, we introduce the biological background on modeling the relationship be-

tween light intensity and the rate of photosynthesis, as well as the existing computational

approaches on curve fitting and regression.

The photosynthesis-irradiance (PI) curve is a graphical representation of the empirical

relationship between solar irradiance and photosynthesis [38]. As a derivation of Michaelis-
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(a) Hyperbolic Photosynthesis-Irradiance (PI)
curve.
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Figure 2.1: Photosynthesis-Irradiance (PI) curve.

Menten kinetics, PI is modeled as a hyperbolic curve as shown in Fig. 2.1(a) [42], indicating

that there is a generally positive correlation between light intensity and photosynthetic rate.

The PI curve has been applied successfully to clean plant photosynthesis phenotype data, as

well as to explain ocean-dwelling phytoplankton photosynthetic response to changes in light

intensity [30, 69].

Let P be photosynthetic rate at a given light intensity [I], the PI function is in Eq. 2.1:

P =
Pmax[I]

i1/2 + [I]
(2.1)

where Pmax is the maximum potential photosynthetic rate per individual, and i1/2 is half-

saturation parameter representing the amount of light to product half of maximum photo-

synthesis. Parameter i1/2 is usually learned with a serial of values of ΦII and light (i) using

curve fitting methods.

By describing the photosynthetic rate P using linear electron flow, we can associate both
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ΦII and i with time t using Eq. 2.1:

ΦII(t, i1/2) =
max(ΦII)

1 +
i(t)
i1/2

(2.2)

where t is a time point in a user-defined temporal region R; ΦII(t) and i(t) represent ΦII

(steady state quantum yield of photosystems II) and light intensity at t; max(ΦII) is the

maximal ΦII in R. See more details in [69].

During short time region, i1/2 in Eq. 2.2 remains constant. However, it may change

gradually over long time region with the changes of multiple environmental factors such

as light, temperature, CO2, and O2 [14]. This phenomenon, namely phenotypic plasticity,

indicates the ability of an organism to produce more than one phenotype when exposed to

different environments [50, 46].

2.2.1 Related work

Knowing the trend of i1/2 will greatly enhance our understanding to the mechanism that

regulate plants in response to a continuously changing and unpredictable environment. How-

ever, to capture i1/2 by directly applying the PI function on the phenotype and environment

data may be inappropriate due to the high noise rate in real data [69].

2.2.1.1 Sliding Window based Curve Fitting Methods

Since the change of i1/2 is assumed to be smooth and continuous, a sliding window approach

may be more appropriate than directly applying the PI function on every time point. Us-

ing the sliding window approach, we can divide the whole phenotype data into overlapped

temporal regions, and then employ a curve fitting or regression method to compute a local
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i1/2 value for each region. Finally all the local i1/2 values are merged to capture the global

phenotype-environment relationship. Note that there is no explicit boundary between curve

fitting and regression, while the former is more on the fitting optimization itself, and later

focuses more on statistical inference [43].

Curve fitting is a commonly used method to model the relationships among two or more

variables [43]. Mathematically, it is a process to tune the parameters of a known mathemati-

cal function f(x) to achieve the best fit to a series of data points. The Levenberg-Marquardt

algorithm (LMA), aka the damped least-squares method, has been widely used for nonlinear

least squares calculations for solving generic curve-fitting problems [35]. LMA interpolates

between the Gauss-Newton algorithm and the method of gradient descent, aiming to find a

local minimum [28, 6].

If the fitting function f(x) is unknown, kernel smoother, such as local linear regression

(LLR), is often used for estimating a smooth function from a serials of noisy observations [26].

In this way, non-linear relationships between phenotypes and environmental factors can be

learned from data, even if the underlying biological mechanism between them is unknown.

2.2.1.2 Bayesian Linear Model with Normal Inverse Gamma Prior

While the sliding-window based curve fitting methods optimize every local fitting, they

simply ignore the global continuity of the parameter i1/2. Thus, they may be sensitive to

noise and bias in local regions in raw phenotype data, resulting in inaccurate phenotype-

environment relationships. To this end, performance improvement may be achieved by using

Bayesian linear model with normal inverse gamma (NIG) prior [22].
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First, we transfer Eq. 2.2 to its linear form for easier representation:

max(ΦII)

ΦII(ti)
− 1 =

1

i1/2
i(ti) + ε(ti) (2.3)

where ε(ti) is the error associated with ti, distributed as normal distribution N(0, σ2
i ).

Second, similar to Section 2.2.1.1, we adopt a sliding window approach to estimate i1/2

and σ2
i for each temporal region using linear regression methods [20]. Given a threshold

on the linear regression reliability R2, we can classify all the temporal regions D into two

groups, i.e. reliable data Dr and unreliable data Du [28].

Third, in order to derive the posterior probability p(i1/2, δ
2|ΦII , i), we assume that

(i1/2, σ
2
i ) follows the normal inverse gamma distribution, i.e. i1/2, σ

2
i ∼ NIG(µ, V, a, b),

where µ, V, a, b is the set of hyper parameters of NIG. Subsequently i1/2, δ
2|ΦII , i is also dis-

tributed as NIG yet with different hyper parameters (µ∗, V ∗, a∗, b∗). Assuming that Dr and

Du follow the single mode of the NIG distribution, we estimate the hyper parameters using

Dr and apply them on Du. Specifically, i1/2 of each temporal region in Du can be obtained

by 1) obtaining the marginal posterior distribution by integrating out σ2
i , 2) maximizing a

posteriori probability of the marginal posterior distribution, and 3) optimizing a Bayesian

linear model using both the shared hyper parameters and local data. See more details at

[22] and [8].

In this model, the global continuity of i1/2 is guaranteed due to a single mode of the

normal inverse gamma distribution (i.e. Dr and Du share the same set of common hyper

parameters) [8]. However, the assumptions on constant hyper parameters may be too rigid

for real phenotype and environment data, in that Dr and Du may be under different prior

distributions due to different environmental conditions.
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Chapter 3

Data cleaning with Dynamic Filter

A data cleaning framework called Dynamic Filter is proposed for data quality control in this

Chapter.

The remainder of the chapter is organized as follows. Section 3.1 motivates the problem

and main intuition behind the proposed algorithm, the detailed description of the proposed

algorithm. Section 3.2 presents the detailed implementation issues, the experimental setup,

results and analysis.

3.1 Methods

In this section, we first introduce the theoretical curve of time-series steady-state quantum

yield data, and then introduce a framework for abnormality detection.

In this paper, the time-series steady state quantum yield of photo-systems II (denoted

as ΦII) is chosen for abnormality detection for three reasons. First, ΦII can be readily

measured using fluorescence video imaging making it useful for high throughput phenotyping.

Second, because it reflects light-driven electron transfer, it can be used as an indicator of

photosynthetic rates and efficiency, albeit with the caveat that it reflects the sum of CO2

fixation, photo-respiration and other processes ([47]). Finally, ΦII is a good demonstration

of the approach because it tends to follow, to a reasonable degree, relatively simple saturation

behaviors. Given an adequate model, the cleaning procedure described in the manuscript
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Figure 3.1: The framework of Dynamic Filter.

may also be applied to other photosynthetic parameters like non-photochemical quenching

(NPQ), which can display complex behaviors.
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3.1.1 Theoretical Photosynthetic Curve

An abnormality in residual analysis is an observation exhibiting a large difference between

the theoretical value and the observed value, and may indicate a data entry error from the

phenotyping sensors. To derive the theoretical curve, we model ΦII with the photosynthesis-

irradiance (PI) curve (see Fig 2.1(a)) ([30, 38]).

As a derivation of Michaelis-Menten kinetics, one of the best-known models of enzyme

kinetics in biochemistry ([42]), PI is modeled as a hyperbolic curve (see Fig 2.1(a)) in Eq.

2.1, revealing the empirical relationship between solar irradiance and photosynthesis ([38]).

where P is photosynthetic rate at a given light intensity, Pmax is the maximum potential

photosynthetic rate per individual, [I] is a given light intensity, and i1/2 is half-saturation

constant. Fig 2.1(a) shows the generally positive correlation between light intensity and

photosynthetic rate. The PI curve has already been applied successfully to explain ocean-

dwelling phytoplankton photosynthetic response to changes in light intensity ([30]), as well

as terrestrial and marine reactions.

We describe the photosynthetic rate P in terms of linear electron flow ([32]), and asso-

ciate both temporal steady state quantum yield of photosystems II ΦII and temporal light

intensity i with time t, as shown in Eq. 2.2: where t is a time point in a user-defined temporal

region T (t ∈ T ); ΦII(t) and i(t) represent the steady state quantum yield of photosystems II

and light intensity at t; max(ΦII) is the maximal ΦII in T ; and the half-saturation constant

i1/2 is the light intensity at which the photosynthetic rate proceeds at half Pmax. See proof

in supplementary Section 1.

One may reasonably ask if the NPQ or photoinhibition would affect the theoretical model

for light saturation. In fact, NPQ has (surprisingly) little effect on the relationship between
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ΦII and light intensity as can be readily seen in the fact that the ΦII light saturation

curves for wild type and the npq4 mutant of Arabidopsis are essentially identical despite

large differences in qE (i.e., rapidly reversible photoprotection of NPQ) ([36]). The reason

for this apparent disconnect is that, at high light, the slowest step in the light reactions of

photosynthesis occurs subsequent to light absorption at the cytochrome b6f complex and is

finely regulated by the pH of the lumen ([60]). Light absorption become rate limiting only at

NPQ levels much higher than those observed here. The biological role of NPQ under most

conditions appears to be in regulating electron transfer but in preventing the buildup of

reactive intermediates within the photosystem II reaction center ([45]). Thus, the effects of

moderate levels of NPQ and photoinhibition should have little affect the behavior of the wild

type system. However, under extreme conditions of in mutant lines with altered behavior

producing high levels of NPQ or photoinhibition we expect to see behavior that deviates

from that produced by the model. These instances will be detected as outliers and flagged

for further investigation of possible biological discoveries.

Consequently, the half-saturation constant i1/2 can be learned using all ΦII(t) and i(t) in

T with a nonlinear regression method ([54]). Note that the half-saturation constant can be

dramatically different between plants and between leaves in plants. Thus, the general shape

of the curve is typically maintained, but not its maximal or half-saturation light intensity.

Finally, given i1/2, the residual value at each time point t is defined as:

rsd(t) = ΦII(t)− Φ′II(t, i1/2) (3.1)

where rsd(t) is the residual value at at time t; and ΦII(t) is the observed value and Φ′II(t)

is the theoretical value of steady state quantum yield at t calculated using Eq. 2.2.
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We note that there are multiple models for PI curves, which give similar responses to

light ([37, 23, 73, 34, 15]). In this paper, we chose the Michaelis-Menten Kinetics model

because it is convenient to use, and fits plant photosynthesis rate data well (see Fig 2.1(b)).

It should be noted that an important feature of our approach is that these alternative models

can be easily added or substituted for comparison.

3.1.2 Framework of Dynamic Filter

Dynamic Filter is a coarse-to-refined residual analysis approach, which has three major steps

as shown in Fig. 3.1. We define abnormalities using a definition to that proposed in [40]:

Definition 3.1. Abnormality. Let {Φnor} be a set of normal phenotype data, and {rsdnor}

be the corresponding residual set. An abnormality Φabn is a phenotype value whose residual

falling off the α confidence interval of the major normal distribution of {rsdnor}.

Note that confidence interval α = 99% is commonly used in literature ([40, 57]), but

is adjustable by users. In this paper, by adopting the concept of confidence interval, we

assume that 1) the majority of the phenotype values are correct, and 2) they form the major

distribution in the residual data, which is also distinctly different from the distribution(s) of

the residual data of the abnormalities.
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3.1.2.1 Step 1. Coarse process to identify abnormal candidates.

Given a set of phenotype data ΦII , we adopt Eq. 2.2 to generate the theoretical values of

steady state quantum yields for each plant, denoted as {Φ′II}, by using the whole time-serial

as temporal region T , aka the coarse level. For the dataset used in the Experiment Section,

the smallest value of time interval is 10 minutes, and the scale of T in the whole dataset

is 3 days. Consequently, we generate the residual data of all plants {rsd} using Eq. 3.1,

and model them using a Gaussian mixture model (GMM) (see details in Section 3.1.3 and

example in Fig. 3.2(a)). Finally, we generate the abnormality candidate set {Φabn} with

Definition 3.1. In Fig. 3.2(b), solid points are abnormality candidates in the coarse process.

Clearly, because of the simplified PI curve model, not all the abnormality candidates are

correctly identified.

3.1.2.2 Step 2. KNN process to refine abnormality identification.

Abnormality candidates may have certain intrinsic patterns of distribution highly related to

certain ranges of feature space. For example, accidental dysfunction of data-capturing devices

may cause abnormalities concentrated around some regions, which form statistical patterns

on the distribution plot of the feature space. From a statistical viewpoint, abnormalities

should be away from normal values in the feature space, and values with similar features

tend to have the same labels. This leads to a refinement process to exploit the patterns

of abnormalities candidates on selected feature space, and to make use of these patterns to

refine abnormality identification, as described in Algorithm 1.

Specifically, we first select the optimal features from ΦII , rsd, i, t, etc., in which ab-

normalities and normal values are maximally separated. To solve this feature reduction

problem, Linear Discriminant Analysis (LDA) is adopted to get the principal components
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of the optimal feature space (Algorithm 2, see details in Section 3.1.3). Second, we ap-

ply K-nearest-neighbor approach on the selected feature space, such that each abnormality

candidate will be relabeled as its majority label of k nearest neighbors (Algorithm 1) ([4]).

Algorithm 1 KNN process to refine results
Input:
• Ψ : original feature space
• C: the set of labels (abnormality or normal)
• k: number of nearest neighbors used

1: Ψproj ← Feature Selection(Ψ, C) 2
2: for ψi in Ψproj do
3: Ci ← majority label of k nearest neighbors
4: end for

5: Output: C

Algorithm 2 Feature Selection
Input:
• Ψ : original feature space
• C: the set of labels (abnormality or normal)

1: µ← 1
|C|

∑
ψ

2: for i from 1 to 2 do
3: Ψi ← Features of ith label
4: ni ← |Ψi|; µi ← 1

ni

∑
ψi

5: SWi ← 1
ni

∑
(ψi − µi)(ψi − µi)T

6: end for
7: SW ←

∑2
i=1 SWi

8: SB ←
∑2

i=1
ni
|C|(µi − µ)(µi − µ)T

9: Ψproj ← eig(SB/SW ) ·Ψ
10: Output: Ψproj : Ψproj is projected space

Step 3. Refined process to identify abnormalities in local regions.

Because the theoretical values {Φ′II} are learned with the simplified PI curve model at the

coarse level, not all the assignments of the abnormal candidates are correct. Consequently,

we separate the abnormal candidates {Φabn} to temporal checking regions (see Definition

3.2) and refine abnormality identification in each region.
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Algorithm 3 EM optimization on each local region r
Input:
• Φ: phenotype values in a local region
• i: light intensity
• α: confidence interval

1: Let Φnor and Φabn be normal values and abnormalities in Φ
2: repeat
3: E-step:
4: [rsdnor, i1/2nor

]← PI CurveFitting(Φnor, i)
5: [µnor, σnor]← GMM(rsdnor)
6: [rsdmin, rsdmax]← getConfidenceInterval(µnor, σnor, α)
7: M-step:
8: rsdabn ← getResidual(Φabn, i1/2nor

)
9: [Φnor,Φabn]← UpdateCandidate(rsdnor, rsdabn, rsdmin, rsdmax)

10: until Φnor and Φabn are stable

11: Output: Φnor

Definition 3.2. Temporal Checking Region. A checking region r consists of at most

m normal values flanking the selected abnormal candidates, depending on data availability,

denoted as {Φnor}, and at most n abnormal candidates such that the last abnormal candidate

is constrained to be at most l-timepoints away from the first one, denoted as {Φabn}.

In Definition 3.2, m, n and l are user defined parameters that determine the size of a

temporal checking region. A check region has at most m+ l− n normal values and at most

n abnormities. Note that abnormal candidates can be continuous or discontinuous, and two

checking regions may share common normal values.

In the refined process, an Expectation-Maximization (EM) process is employed to repeat-

edly optimize the results in each temporal region r. Pseudo-code of the EM process is shown

in Algorithm 3. In the E step, using the local normal values {Φnor} in checking region r as

inputs, we regenerate the theoretical values {Φ′} with Eq. 2.2. Then the residuals {rsd} for

both the abnormal candidates {Φabn} and the normal values {Φnor} are regenerated using

Eq. 3.1 (Algorithm 3 line 6-8). In the M step, we redefine the abnormal candidate set {Φabn}
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with the statistical distribution of the new residual data {rsd} according to Definition 3.1.

Specifically, a value falls off the confidence interval threshold of the major distribution of the

normal residual values will be moved to {Φabn}; and if an abnormal candidate is within the

confidence interval threshold of the major distribution of the normal residual values, it will

be labeled as normal and be moved to {Φnor} (Algorithm 3 line 10-11).

The EM process will stop when the label assignment is stable. Fig. 3.2(c-f) shows the

iterative process in a checking region. Since checking regions may share common values, the

results from different regions may be conflicted. For example, a phenotype value is identified

as an abnormality in one region but is considered a normal value in another region. To

solve conflicts and consequently improve performance, we employ an information sharing

process in the end of the EM process to broadcast all the local results to all the checking

regions. If conflict exists, voting results will be used to redefine abnormal candidates in the

selected feature space (step 2), and the EM process will rerun on the new checking regions.

The process will repeat till the results converge. Fig. 3.2(g,h) demonstrate that all the

abnormalities are identified.

3.1.3 Related Works

We introduce the Gaussian Mixture Model (GMM) and the Linear discriminant analysis

(LDA) used in Section 3.1.2.1 as follows.

3.1.3.1 Gaussian Mixture Model.

A Gaussian Mixture Model is a parametric probability density function represented as a

weighted sum of Gaussian component densities ([53]). GMMs are commonly used as a para-

metric model of the probability distribution of continuous features ([53]). The probability
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density function is given by the equation:

p(x|λ) =
M∑
i=1

ωig(x|µi,Σi) (3.2)

where x is a D-dimensional continuous-valued vector, ωi, i = 1, . . . ,M , are the mixture

weights, and g(x|µi,Σi), i = 1, . . . ,M are the component Gaussian densities. Each compo-

nent density is a D-variate Gaussian function of the form:

g(x|µi,Σi) =
1

(2π)D/2|Σi|1/2
exp{−1

2
(x− µi)TΣ−1

i (x− µi)} (3.3)

with µi be the mean vector and Σi be the covariance matrix (i = 1, . . . ,M). The mixture

weights satisfy the constraint that
∑M
i=1 ωi = 1. GMM parameters are estimated from train-

ing data using the Maximum Likelihood Parameter Estimation or Maximum A Posteriori

Estimation ([53]). In this paper, residuals are one-dimensional scalar data, we use µi and σi

to represent the mean and variance of residuals.

3.1.3.2 Linear Discriminant Analysis for Feature Selection.

Linear discriminant analysis (LDA) is a methods used in statistics, pattern recognition and

machine learning to find a linear combination of features, which characterizes or separates two

or more classes of objects or events, such that the inter-class variance is maximized and the

intra-class variance is minimized ([67]). The resulting combination may be used as a linear

classifier, or more commonly, for dimensionality reduction before later classification. In this

paper, we seek combination of features, with which normal values (one class) are centered

around one area, while abnormalities (another class) are centered around a distinctively

separated area.
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Suppose there are C classes, and each class has ni points, mean µi and intra-class variance

Σi. Then the inter-class variance may be defined by the sample covariance of the class means:

SB =
C∑
i=1

ni
|C|

(µi − µ)(µi − µ)T (3.4)

and the intra-class variance of whole dataset is SW =
∑C
i=1 SWi ([41]). The class separation

in a direction ω̃ in this case will be given by:

S =
ω̃TSBω̃T

ω̃TSWω̃T
(3.5)

The objective function is to maximize S and it can be shown that when ω̃ is the eigenvector

of SW−1SB, S will have maximized value corresponding to eigenvalue ([51]).

3.2 Experiment

We compared Dynamic Filter on both real and synthetic datasets with two widely-used

data cleaning algorithms: 1) a statistical approach that classifies abnormalities based on

standard variance ([39]), and 2) Hampel filter that identifies abnormalities based on digress

from median of trends ([48, 49]). Note that all the three methods were applied on the same

phenotype residual data for a fair comparison.

For performance evaluation, we used both the precision-recall curve and the Matthews

correlation coefficient (MCC) ([5]). The MCC that can appropriately represent a confusion

matrix is computed with:

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(3.6)
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Figure 3.3: Performance evaluation of precision-recall and Matthews Correlation Coefficient
on real dataset. DF represents Dynamic Filter.

3.2.1 Real phenotype dataset

We first tested the performance of Dynamic Filter using the plant photosynthetic phenotype

data consisting of 106 Arabidopsis thaliana plants (confirmed T-DNA insertion mutants and

wild-types) sampled at 64 time points under dynamic light conditions ([3, 1]). The photo-
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synthetic phenotype values vary dramatically across plants, reflecting potential differences

in development, stress responses, or regulation of processes such as stomatal conductance,

photodamage, and storage of photosynthate ([32]). Experts went through the data and

manually marked the ground truth of abnormalities, and found the error rate is 6.5%.

The experimental results shown in Fig 3.3(a) indicated that Dynamic Filter is significantly

better than the other two approaches in the precision-recall curve. Specifically, Dynamic

Filter yields AUC as high as 0.964, higher than the AUC of simple statistics and Hampel

Filter (0.147 and 0.543 respectively). Fig 3.3(b) shows our model is also significantly better

according to MCC. Furthermore, it shows that Dynamic Filter is insensitive to the selection

of the confidence interval threshold, which is distinctly different from the other algorithms

that rely on well-picked parameters.

Note that the AUC of Dynamic Filter without KNN is 0.862 (Fig 3.3(a)), implying the

KNN refinement (step 2) is a key component of Dynamic Filter. Specifically, Fig 3.4 shows

how the KNN refinement improved the performance of data cleansing. On the ΦII vs.

residual plot shown in Fig 3.4(a) (detailed visualization on Fig 3.4(b)), some isolated normal

values are misclassified as abnormalities, and certain abnormalities misclassified as normal

values. Clearly, these values do not conform with the most nearby values. By applying the

KNN refinement, these misclassification are effectively corrected (Fig 3.4(c,d)).

We systematically tested the performance of the different components of Dynamic Filter.

Fig. 3.5 shows the performance improvement by comparing Dynamic Filter with a model

without KNN refinement (v5), iteration of EM (v4), consensus on all regions (v3), reassign-

ment of normal values and abnormalities in EM (v2), or even without the whole refined

process (v1). It implies that the refined process, especially the KNN and EM refinement, is

the key of performance improvement.
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Figure 3.4: Performance improvement by applying the KNN refinement process.

Fig 3.6 and 3.7 show case studies on the real data. In Fig 3.6, the experiment was run on

a wild-type reference plant, Arabidopsis Col-0. In the coarse process, the residual analysis

was applied to identify the abnormal candidates (Fig 3.6(a) and solid points in Fig 3.6(b)).

Clearly, 6 solid points on the bottom were incorrectly labeled as abnormalities, which were

gradually corrected in the refined process (Fig 3.6(c,d)). Fig 3.7(a) shows a true biological

discovery on the real data. Our screen revealed accession ELY exhibiting photosynthetic

characteristics markedly different from the reference (Col-0). It would, however, be labeled

as abnormal and subsequently deleted by the existing outlier detection based data cleaning
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Figure 3.5: Performance comparison. Each version corresponds to a different version of
Dynamic Filter (DF) without: KNN refinement (v5), iteration of EM (v4), consensus on
regions (v3), reassignment of normal/abnormal labels in EM (v2), or the whole refined
process (v1).

methods, resulting in over-clean problem. Dynamic Filter identifies ELY correctly and sug-

gests that the differences in its quantum yield is caused by the monotone decrease of i1/2

regardless the change of sunlight (see Fig 3.7(b)). The nonnegligible deviation between the

observed values and the theoretical curve learned from the coarse phase of Dynamic Filter

(see Fig 3.7(c)) implies the theoretical model is simple compared with the real world situ-

ation. Instead of directly use the PI curve to infer abnormalities, we optimize the fitting

results in the refined phase of Dynamic Filter, resulting in almost perfect match between the

observed values and the theoretical curve (see Fig 3.7(d)).

Furthermore, we varied the size of the temporal checking region and compared the per-

formance in Fig 3.8. The results in Fig 3.8(a) reveal that Dynamic Filter achieves the best

performance when m is between 10 and 15. This number allows enough training data for the

refinement process, meanwhile avoiding NPQ variation over long time interval. Fig 3.8(b)
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Figure 3.6: A case study on the real data shows that Dynamic Filter correctly identifies all
the abnormalities.

shows performance of Dynamic Filter is relatively stable against max number of abnormali-

ties n, implying the robustness of Dynamic Filter is high.

3.2.2 Synthetic dataset

Since the true biological discoveries in the real data are unknown, we further tested Dynamic

Filter on serials of synthetic datasets. The synthetic datasets were generated by varying four

parameters systematically: lights and i1/2 being smoothly or abruptly changed, abnormal-

ities being continuously or discontinuously distributed, and error ratio being low or high.

Furthermore, we added variations representing abnormalities and biological discoveries (dif-
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Figure 3.7: A case study on the real data shows that Dynamic Filter identifies true biological
discoveries under the diurnal light condition. Lines with the same marker represent biological
replicates.

ferent i1/2 values) in the synthetic datasets. In total, 63 kinds of synthetic datasets in 9

groups were generated, and for each kind of synthetic data, we repeatedly generated 100

datasets.

Fig 3.9 shows the robustness of Dynamic Filter on different synthetic datasets generated

under 9 different settings. The performance is evaluated using Matthews Correlation Co-

efficient on both abnormalities and on biological outliers. Each figure represents synthetic

data generated under different settings (see details in supplementary section 2). Each point
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Figure 3.8: Performance test on temporal checking region size. (a) Fixing max number of
abnormalities n, and varying m; (b) Fixing m, and varying max number of abnormalities n.

Figure 3.9: The Matthews Correlation Coefficient of biological discoveries and abnormalities
on synthetic data.
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in Fig 3.9 represents a MCC score of biological discovery identification at x-axis and a MCC

score of abnormality identification at y-axis. The highest possible value is (1.0, 1.0). The

experimental results show that Dynamic Filter (red circle) is better than the other two meth-

ods in almost all the synthetic datasets. This is because Dynamic Filter can identify and

remove abnormalities while reserving biological discoveries (see supplementary Table 1 and

Table 2 for performance comparison on MCC and true positive rate respectively).
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Chapter 4

Inter-functional analysis by

PhenoCurve

In this Section, we propose a model based Bayes curve fitting algorithm, which is able to

study both the values and the changing rates of the dynamic phenomics data. In particular,

this algorithm is designed for studying the hidden parameter of phenomics, but actually it

is not exclusive to phemomics data but also may be extended to be used on other models.

The rest of the chapter is arranged as follows. Section 4.1 motivates the problem and main

intuition behind the proposed algorithm, the detailed description of the proposed algorithm.

Section 4.2 presents the detailed implementation issues, the experimental setup, results and

analysis.

4.1 Method

In order to explore the dynamic phenotype-environment relationships without the technical

limitations in curve fitting and Bayesian NIG methods, we present a comprehensive data

analysis approach PhenoCurve based on Bayesian theorem and polynomial generalization.

PhenoCurve has four components. First, it splits the whole phenotype and environment

data into highly overlapped temporal regions using a sliding window approach, allowing for

modeling the gradual change of i1/2. Second, it employs a non-linear curve fitting method
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to compute i1/2 for each temporal region, and classifies the results into two groups, i.e.

reliable (Dr) and unreliable (Du), based on R2. Third, using data from Dr, it estimates

i1/2 for each unreliable region in Du with polynomial generalization. Finally, it optimizes

the i1/2 values for all unreliable regions with Bayesian theorem using local data, resulting

in increased reliability in curve fitting. We will introduce all the four steps in the following

content. An illustrative example of ΦII and light data is shown in Fig. 4.1AB.

4.1.1 Data Separation with Sliding Window

Due to biological constraints, the sampling rate of the phenotype is usually much lower than

that of the environmental factors [14]. Subsequently, we split the whole dataset into highly

overlapped temporal regions solely based on the phenotype data. In the fix-size sliding

window approach, each temporal region has d pairs of phenotype and environment values,

and the values in each pair are probed at exactly the same time (or are close enough to

each other). Each temporal region share d− 1 values with the previous and the next region.

The window width d satisfies two conditions: 1) i1/2 remains relatively constant within each

temporal region; and 2) there are enough data in each temporal region for inferring i1/2.

4.1.2 Local Curve Fitting

The next step is to infer i1/2 for every temporal region Rn centered around time point tn. Its

half light parameter in
1/2

can be estimated using least square curve fitting [20]. The general

idea is to identify parameters in a fitting function to minimize the sum of all the square of

errors between the predicted and the observed values. In our case, assuming there are d
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Figure 4.1: An illustrative example of PhenoCurve that optimizes both local fitting and
smoothness of i1/2, which shows A) dynamic light variation over time, B) corresponding ΦII
values, C) an optimized fitting on local region, and D) i1/2 values on all temporal regions.
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phenotype-environment pairs {(Φ1
II , i

1), (Φ2
II , i

2), . . . , (ΦdII , i
d)} in Rn, we identify in

1/2
by:

in1/2 = argmin
i1/2

d∑
k=1

ΦkII −
max(ΦII)

1 + ik
i1/2


2

(4.1)

The fitting procedure in Eq. 4.1 also yields a R2 score, indicating the level of reliability

of the fitting. Based on R2, we divide all the temporal regions into two groups, i.e. reliable

data Dr and unreliable data Du. In our experiment, R2 threshold at 0.9 is used on both the

real and the synthetic datasets.

4.1.3 Polynomial Generalization

Using the i1/2 values for the reliable temporal regions in Dr as inputs, we build a regularized

polynomial linear regression model, aiming to generalize a p-order polynomial smooth curve

of i1/2 [63]. In a regularized polynomial linear regression model, order of one represents

a linear model, order of two represents a quadratic form, and order of three and above

works for arbitrary shapes. In our experiments, the highest order of polynomial term was

set to three by using cross-validation. Note that using high-order polynomial would risk in

over-fitting [7].

Let X = (1, t, i,ΦII , t
2, i2,Φ2

II , t
3, i3,Φ3

II)
T be the vector of polynomial terms, and W =

(w0, w1, ..., w9)T be the coefficient vector of X, the generalized polynomial linear regression

model is i1/2 = WTX.
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The aim of the regularized fitting is to minimize E(W) where

E(W) =

|Dr|∑
n=1

(WTXn − in1/2)2 + λ|W|22

= |WTX− i1/2|
2
2 + λ|W|22 (4.2)

where |Dr| is the number of reliable temporal regions identified in Section 4.1.2, X is the

polynomial feature matrix, i1/2 is the vector of i1/2 values learned from the reliable temporal

regions, and | · |22 denotes L2 norm of a vector.

In order to solve Eq. 4.2, we set
∂E(W)
∂W = 0, which yields

W∗ = (λI + XTX)−1XT i1/2 (4.3)

where λ is a regularization term provided by user.

Applying i1/2 = WT
∗X to data in every temporal region, including the unreliable regions,

we therefore obtain a generalized predicted half-saturation parameter for every region Rn,

denoted as în
1/2

= WT
∗ Xn. The generalized i1/2 values ensure smooth hidden state variables

under dynamic environments.

4.1.4 Bayesian MLE optimization

Given an unreliable temporal region Rn in Du, we optimize its local half light parameter

î∗n
1/2

using Bayesian theorem, such that î∗n
1/2

fits best with both the local data in Rn and

î1/2 learned from the generalized model in the previous step. Mathematically, we look for

optimal î∗n
1/2

that satisfies

î∗n1/2 = argmax
i1/2

P (i1/2|Rn, î1/2) (4.4)
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Since Rn and î1/2 are independent, we adopt the Bayesian theorem to solve Eq. 4.4:

P (i1/2|Rn, î1/2) =
P (i1/2, î1/2) · P (Rn|i1/2, î1/2)

P (Rn, î1/2)

=
P (i1/2, î1/2) · P (Rn|i1/2, î1/2)

P (Rn)P (̂i1/2)

=
P (i1/2|̂i1/2) · P (Rn|i1/2)

P (Rn)

=
P (i1/2|̂i1/2) ·

∏d
k=1 P (dk|i1/2)

P (Rn)

∝ P (i1/2 |̂i1/2) ·
d∏

k=1

P (dk|i1/2) (4.5)

where dk is the kth pair of phenotype-environment pair in Rn and Rn ∈ Du.

In Eq. 4.5, P (i1/2 |̂i1/2) represents the probability of i1/2 given î1/2. We assuming i1/2

follows Gaussian distribution with i1/2 ∼ N (̂i1/2, σ
2
1), where î1/2 is the mean and σ2

1 is the

variance. In Eq. 4.5, P (dk|i1/2) represents the fitness of the phenotype-environment data

given i1/2. In fact, when i1/2 is provided, ΦII can be computed using Eq. 2.2. With the

same Gaussian distribution assumption, we have P (dk|i1/2) = N (ΦkII , σ
2
2). Here both σ2

1

and σ2
2 are user defined parameters.

By adopting the Gaussian distribution assumption on P (i1/2 |̂i1/2) and P (dk|i1/2), and

by taking a log transform on Eq. 4.5, we have:

lnPr(i1/2|Rn, î1/2) ∝ lnN (t|̂i1/2, σ
2
1) +

d∑
k=1

lnN (ΦkII |fPI(tk, i1/2), σ2
2)

∝ −
(i1/2 − î1/2)2

2σ2
1

−
d∑

k=1

(ΦkII −
max(ΦII )

(1+ik/i1/2)
)2

2σ2
2

(4.6)
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Substituting the right part of Eq. 4.4 with Eq. 4.6, the final equation that can be solved

by adopting the maximum likelihood estimation (MLE) is:

î∗n1/2 = argmin
i1/2

(i1/2 − î1/2)2

2σ2
1

+
d∑

k=1

(ΦkII −
max(ΦII )

(1+ik/i1/2)
)2

2σ2
2

 (4.7)

Note that in order to increase the reliability of curve fitting in unreliable region Rn,

during the Bayesian MLE optimization process, we search for the phenotype-environment

pairs outside Rn that have the best match to the fitting curve of Rn, and add them into

Rn. Fig. 4.1CD shows an example of the fitting, which optimizes both local fitting and the

smoothness of i1/2.

To demonstrate the PhenoCurve procedure, Fig. 4.2 shows the different stages of curve

fitting. Fig. 4.2(a) presents the ground truth data for fitting, and as well as the observed

input data which is composed of noise rate at 0.1 and bias at 0.1. The fitting result from

sliding window approach(WIN) is shown in Fig. 4.2(b). Based on sliding window result, the

data region is separated into reliable regions and unreliable regions as shown in Fig. 4.2(c).

Lastly, PhenoCurve use the reliable regions to fit generalized half-saturation parameters(as

shown in green curve with mark in Fig. 4.2(d)) and make the prediction on the unreliable

regions(as shown in green curve without mark in Fig. 4.2(d)).

4.2 Experimental Results

We evaluated the performance of PhenoCurve on both the real and simulated phenotype

data in terms of fitting performance and fitting reliability. We also compared PhenoCurve

with five existing methods i.e. 1) the direct computation with PI function (PI), 2) the one-
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(a) Ground Truth and Input data. (b) Sliding window approach fitting (WIN).

(c) Separation of training and testing regions. (d) PhenoCurve gneralization and Bayes optimiza-
tion fitting.

Figure 4.2: Demonstration of PhenoCurve running example on synthetic data.

window curve fitting (ONE), 3) the sliding-window based curve fitting (WIN), 4) the kernel

smoothing method using local linear regression (LLR), and 5) the Bayesian linear model

with normal inverse gamma prior (NIG). All these methods have been introduced in the

Related Work Section.

4.2.1 Experimental Data

We first tested the performance of PhenoCurve using the real plant photosynthetic phenotype

data consisting of 375 Arabidopsis thaliana plants (330 confirmed T-DNA insertion mutants
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and 45 wild type plants) [3, 2]. During the experiment, all the plants were evenly sampled

at 32 time points. All the environmental factors except light are constant. Following a

sinusoidal curve, light intensity changes gradually from 35µmolm−2s−1 to 500µmolm−2s−1

then goes back to 35µmolm−2s−1 during the experiment. The photosynthetic phenotype

values vary dramatically across plants, reflecting potential differences in development, stress

responses or regulation of processes such as stomatal conductance, photodamage and storage

of photosynthate [32, 14].

The synthetic data were generated in three steps. First, we randomly defined a vector of

i1/2 that changes gradually over time. Second, we reconstructed a vector of phenotype ΦII

using the vector of i1/2, the same vector of light as the real data, and the PI function [38].

Third, we randomly added noise and bias (levels vary from 5% to 15%) to the phenotype

data. The process was repeated 4,000 times to generate the full synthetic data (see Table

S1).

4.2.2 Evaluation Criteria

We define four performance evaluation criteria, and applied all of them on both the unreliable

regions Du and the reliable regions Dr, as well as the whole regions of the phenotype data

D.

First, coefficient of determination, denoted as R2, is often used as the main criteria for

measuring whether a curve fitting is adequate [28, 10]. In our case, R2 is defined as:

R2 = 1−
∑n
i=1(ΦII(ti)− Φ̂II(ti))

2∑n
i=1(ΦII(ti)− ΦII)

2
(4.8)

where Φ̂II(ti) is the fitted ΦII value at time ti, and ΦII is the averaged ΦII values in a
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temporal region. In Eq. 4.8, R2 measures the fraction of the total variation in the phenotype

data that can be explained by the curve. Higher values indicate that the curve fits the data

better. If R2 = 1.0, all points lie exactly on the curve with no scatter.

Second, we compute the smoothness of the i1/2 vector. For a continuous curve, smooth-

ness can be measured using high order of derivatives. For discrete values (which is our case),

we measure all the angles formed by adjacent temporal regions. Mathematically, we have:

smoothness(i1/2) =
1

|D|

|D|∑
n=1

[αn ≤ Tα] (4.9)

where D is a set of temporal regions, αn = | arctan(in+1
1/2
− in

1/2
) − arctan(in

1/2
− in−1

1/2
)|

represents the angle difference centered around temporal region Rn (Rn ∈ D), Tα is a user

given angle threshold, and [X] returns 1 if the condition X is satisfied, otherwise it returns

0. In our experiment, Tα = 30o.

Finally, for synthetic data, we computed both ∆ΦII and ∆i1/2, which are the sum of

all the absolute differences between every phenotype value and its corresponding value on

the fitted curve and the sum of all the absolute differences between every i1/2 value and its

corresponding parameter of the fitted PI curve respectively.

4.2.3 Experimental Results on Real Data

We ran PhenoCurve on the real photosynthesis phenotype data using three different window

sizes, i.e. 6, 12 and 18. We compared the performance of PhenoCurve with five existing

methods using the same common parameters.

The experimental results indicate that PhenoCurve has significantly more reliable curve

fitting results. Fig. 4.3 shows that on the unreliable regions, the coefficient of determination
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(a) R2 on unreliable regions. (b) R2 on whole data.

(c) Smoothness on unreliable regions. (d) Smoothness on whole data.

Figure 4.3: Coefficient of determination R2 and smoothness of i1/2 on the unreliable regions
and the whole real phenotype data.

(R2) increases 23% from 0.72 to 0.89 when window size is 12, compared with the sliding-

window curve fitting method. Meanwhile, the smoothness of the fitted curve increases from

0.55 in sliding-window method to 0.63 in PhenoCurve approach. Among all tests on real data,

PhenoCurve yields highest R2 in both unreliable data and whole data parts. PhenoCurve

also outputs smoothest curve in all cases except the one with window size = 6. Overall,

PhenoCurve performs best in experiments on real data.
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(a) R2 on unreliable regions. (b) R2 on whole data.

(c) Smoothness on unreliable regions. (d) Smoothness on whole data.

Figure 4.4: Coefficient of determination R2 and smoothness of i1/2 on the unreliable regions
and the whole synthetic phenotype data.

4.2.4 Experimental Results on Synthetic Data

Similarly, we compared the performance of PhenoCurve and the five existing methods on a

synthetic phenotype data using three different window sizes.

The experimental results indicate that PhenoCurve has most reliable and smoothest curve

fitting results, and it has lowest error rate for ΦII and HL . Fig. 4.4 shows that on the unre-

liable regions, the coefficient of determination (R2) increases significantly from barely 0.09 in

sliding-window method to 0.67 in PhenoCurve when window size is 12. Besides, smoothness

of PhenoCurve is always the best among all methods. Fig. 4.5 shows the comparison of
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(a) ∆ΦII on unreliable regions. (b) ∆ΦII on whole data.

(c) ∆i1/2 on unreliable regions. (d) ∆i1/2 on whole data.

Figure 4.5: ∆ΦII and ∆i1/2 on the synthetic phenotype data with 0.10 noise and bias rate.

error rate ∆ΦII and ∆i1/2. On unreliable data regions, PhenoCurve performs better than

all other methods in term of ∆i1/2. As for ∆ΦII , PhenoCurve and one window approach

has best performance in unreliable regions, while PhenoCurve performs best in whole data.

This is due to the fact that PhenoCurve not only optimize unreliable data, but also optimize

the reliable regions. Overall, PhenoCurve performs best on synthetic data.
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4.2.5 Biological Verification

Given all the i1/2 values of all the Arabidopsis mutant lines, we computed the maximal

relative i1/2 as max|i1/2(tm)− i1/2(tn)| for all time points tm and tn satisfying i(tm) = i(tn)

and m 6= n. The purpose is to check the recovery ability of a plant by probing it before and

after light stress. The distribution of data in Fig. 4.6 shows that we can easily cluster all

the Arabidopsis mutant lines into three groups A, B, C as indicated in the figure. Mutants

in group A and B have high photosynthesis, whereas group C mutants have relatively low

photosynthesis. Mutants in group A and C are more resistant to dynamic light stress than

group B mutants.

In order to verify the biological discovery, a biological experiment by measuring qI (pho-

toinhibition) of the same plants using DEPI [14] may potentially be designed. In summary,

learning i1/2 with PhenoCurve can greatly simplify the process to identify the complicated

phenotype-environment relationships and to visualize the results, enabling biologists to dis-

cover the mechanism that regulate plants in response to dynamic environment.
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Figure 4.6: Phenotype clustering based on maximal relative i1/2 and maximal ΦII .
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Chapter 5

Summary and Conclusions

In this thesis, we designed two techniques for control data quality and explore data of

phenotyping values. The proposed applications, namely, Dynamic Filter and PhenoCurve,

achieve the ultimate task around two questions including

• How can we get high quality data from problematic raw data?

• How can we do curve fitting for dynamically changing phenotyping values with high

reliability?

5.1 Contributions

This thesis mainly answers the two questions raised above by proposing specific applications

as follows, giving theoretical studies and providing real case and synthetic case tests.

5.1.1 Data cleaning for high data quality

With an aim towards identifying targets for improving energy yield, advanced technologies

in high-throughput plant photosynthetic phenotyping have been developed ([29, 14]). These

systems can be used to quantify photosynthetic behavior in genetically diverse populations

and to draw relationships among genotype, phenotype and biological function, leading to

better understanding of the underlying mechanisms that control the photosynthetic proper-
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ties under various environmental conditions ([52, 19]). As a consequence of the long-time

high-throughput plant phenotyping, the scale of plant phenomics data grows exponentially.

However, the quality of phenotype data may be skewed by sources of noise that are difficult

to remove in the data collection step.

The purpose of plant phenotyping is to discover phenotype values that are significantly

different from a reference. But phenotype values leading to biological discoveries maybe

obscured by abnormal values caused by errors during detection. To ensure high data quality,

effective data cleaning should be considered a primary task. However, since advanced data

cleaning algorithms are primarily based on indiscriminate outlier detection, they may remove

both abnormalities and biological discoveries not separable in the data distribution.

We have developed a new coarse-to-refined model called Dynamic Filter to effectively

identify both abnormalities and biological discoveries by adopting a widely-used photosyn-

thetic model. Specifically, Dynamic Filter is a residual analysis approach by dynamically

tracing statistical distributions of all samples rather than individuals, and incorporating EM

for performance optimization in refined checking regions.

We note that, certain events, such as transient changes in growth environment, could

introduce signals similar to growth lighting malfunction, which could be wrongly labeled

as abnormalities by Dynamic Filter. Therefore, instead of automatically deleting all the

predicted abnormalities, we send all of them to domain experts for confirmation. Meanwhile,

all raw data are kept for any rollback operation.

Experimental results show that our model is significantly better than the existing data

cleaning tools on both real phenomics data and synthetic data. Dynamic Filter may have

a wide impact because of the rapid increase of large-scale phenotyping technologies. It

should be noted that although we used a photosynthesis-specific curve, the model itself is
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independent of actual biological constraints. In principle, our approach can be used to clean

data for any number of phenotypes as long as suitable theoretical curves can be derived for

their behavior. Implementation for new use cases would involve substituting the appropriate

theoretical curve into the program, calculating the residuals of fits to the data sets, and

optimizing the fitting procedure (as in Fig 3.1).

5.1.2 Inter-functional analysis

Photosynthesis phenotypes are usually measured under dynamic conditions, in a relatively

long time period, and on plants with vastly different genetic backgrounds. To meet the

growing needs to study the dynamic relationships between phenotypes and environmental

factors using limited biological knowledge, we developed a new tool called PhenoCurve.

PhenoCurve splits the whole phenotype and environment data into highly overlapped

temporal regions, employs non-linear curve fitting methods to calculate i1/2 for the reliable

regions, and then optimize the i1/2 for the unreliable regions using polynomial generalization

and Bayesian MLE. The results on both synthetic and real data show that PhenoCurve os

significantly better than the other five existing methods.

Table 5.1: Testing the robustness of PhenoCurve against fixed window approach with mul-
tiple noise and bias rates.

Unreliable data Whole data
noise and bias R2 ↑ smoothness ↑ ∆ΦII ↓ ∆HL ↓ R2 ↑ smoothness ↑ ∆ΦII ↓ ∆HL ↓

0.05 67% 7% 83% 35% 24% 20% 33% 15%
0.10 87% 7% 54% 50% 36% 5% 32% 25%
0.15 118% 3% 46% 42% 46% 5% 27% 22%

In order to test the robustness of PhenoCurve, we ran PhenoCurve on synthetic data with

different levels of noise and bias. The results shown in Table. 5.1 indicates that PhenoCurve is

more effective than fix window approach with the increase of noise and bias rate. Compared

to fix window approach, PhenoCurve yields hight R2, smoother curve, lower error in ΦII
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and half light parameters.

5.2 Conclusions

This dissertation answers the two questions raised in the beginning of this chapter by present-

ing machine learning techniques in data quality control and data exploration of dynamically

changing phenotyping values. To address these problems, Dynamic Filter and PhenoCurve

are proposed to clean raw data and explore cleaned data.

The concluded research makes significant contributions to (i) the realistic solution for

maintain high quality and clean problematic data from raw input, (ii) the challenges of

exploring and obtaining reliable and comparable hidden parameters from phenotyping data.
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Chapter 6

Future Work

6.1 Future Work

The studies presented in the thesis lead to several important research questions, which may

be extended in the future.

6.1.1 Dynamic Filter for data quality control

Future work may incorporate semi-supervised learning techniques into the application. Cur-

rent version of Dynamic Filter process result with one pass, and does not interact with

human verification to automatically adjust the parameter setting.

As for application potential, as long as a suitable theoretical curve is given, the theoretical

photosynthetic curve can be updated with the new one, and residuals of the curve can be

learned at the coarse level, and then be optimized in the refined level (see Fig 3.1). Therefore,

it is possible to automate the cleansing process on any long time-series data for a variety of

applications.

6.1.2 Inter-functional analysis

In the future, we will extend PhenoCurve to model multiple phenotypes and multiple envi-

ronmental factors. One of the technical challenges is that with the increase of data types,
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the number of parameters will rapidly increased, which either requires significantly more

sampling data, or requires a better algorithm to model the data.
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Pseudo-code of Dynamic Filter

Algorithm 4 DynamicFilter: Dynamic Filter Algorithm
Input:
• {ΦII}: array of photosynthesis intensity , Light,99%
• light: array of light intensity
• 99%: 99% is the user-specified confidence interval

1: [RSD, Ii/2t]← PI CurveFitting({ΦII}, Light) 2.1
2: [µmain, σmain]← GMM(RSD)
3: [rmin, rmax]← get Confidence Interval(µmain, σmain, 99%) 5
4: C ← Update Candidate(RSD, rmin, rmax) 6
5: repeat
6: Ψ← ({ΦII}, {RSD}, Light)
7: C ← KNN(Ψ, C, k0) 1
8: {Φr} ← Update Window (C, num) 7
9: for Φr in {Φr} do

10: Φr ← EM Optimization(Φr, Light, 99%) 3
11: end for
12: C ← Consensus(W) 8
13: until C is stable

14: Output: C

Algorithm 5 Sub-procedures: get Confidence Interval
Input:
• µ: mean of Gaussian distribution
• σ: standard deviation of Gaussian distribution
• 99%: user chosen confidence interval, corresponds to 3σ

1: rmin ← µ− 3 · σ
2: rmax ← µ+ 3 · σ
3: Output: [rmin, rmax]
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Algorithm 6 Sub-procedures: Update Candidate
Input:
• R: array of residual
• rmin: minimum residual threshold
• rmax: maximum residual threshold

1: for r in R do
2: if rmin ≤ r ≤ rmax then
3: Cr ← 0
4: else
5: Cr ← 1
6: end if
7: end for

8: Output: C

Algorithm 7 Sub-procedures: Update Window
Input:
• C: candidate array
• num: maximum number of abnormality in each region

1: for abnormality c in C do
2: repeat
3: w.abnormality(end+ 1)← c
4: next c
5: until length(w.abnormality) >= num
6: w.normal← [num points ahead,num points after]
7: Wi ← w
8: clear w
9: end for

10: Output: W

Algorithm 8 Sub-procedures: Consensus
Input:
• W : array of windows

1: (Countn, Countab)← ([], [])
2: for w in W do
3: for Idxn in w.normal do
4: Countn[Idxn]← Countn[Idxn] + 1
5: end for
6: for Idxab in w.normal do
7: Countab[Idxab]← Countab[Idxab] + 1
8: end for
9: end for

10: C[i]← (Countn[i] < Countab[i]) for each i

11: Output: C
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Proof of Equation 2

Let P =
Pmax×[I]
i1/2+[I]

, [I] = i(t) and P = ΦII(t)× i(t), we have ΦII(t)× i(t) =
Pmax×i(t)
i1/2+i(t)

, so

that:

ΦII(t) =
Pmax

i1/2 + i(t)

Given the definition of Pmax (the maximum potential photosynthetic rate per individual)

and i1/2 (the light intensity at which the photosynthetic rate proceeds at half Pmax), we

have:

Pmax
2

=
max(ΦII)

2
× i1/2

By combining both equations, we have:

ΦII(t) =
max(ΦII)

1 +
i(t)
i1/2

Done.

Performance comparison of MCC and true positive rate

on synthetic datasets

This section presents the performance comparison of Dynamic Filter, Simple Statistics and

Hampel Filter on different synthetic datasets generated under different settings. The figure

results are shown in Figure 10 of the paper, and the numerical values are in Table 1 and

Table 2.
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The performance compared are Matthews Correlation Coefficient and True Positive Rate

on abnormalities and on biological outliers. Here the outliers are values generated with

half-light factors significantly different from the averaged one.

There are 9 groups of different settings, with each group containing 7 different cases

varying the deviation degree of abnormalities. Details of the 9 groups of settings are:

1. Light intensity generated from 3 frequency FFT, half light factor changes smoothly

along time, abnormalities points aggregate, abnormalities rate is 7.8%.

2. Light intensity generated from 3 frequency FFT, half light factor changes smoothly

along time, abnormalities points occurs every other point, abnormalities rate is 7.8%.

3. Light intensity generated from 3 frequency FFT, half light factor fluctuates along time,

abnormalities points aggregate, abnormalities rate is 7.8%.

4. Light intensity generated from 1 frequency FFT, half light factor changes smoothly

along time, abnormalities points aggregate, abnormalities rate is 7.8%.

5. Light intensity generated from 3 frequency FFT, half light factor changes smoothly

along time, abnormalities points aggregate, abnormalities rate is 14.1%.

6. Light intensity generated from 1 frequency FFT, half light factor changes smoothly

along time, abnormalities points aggregate, abnormalities rate is 14.1%.

7. Light intensity generated from 3 frequency FFT, half light factor fluctuates along time,

abnormalities points aggregate, abnormalities rate is 14.1%.
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8. Light intensity generated from 3 frequency FFT, half light factor fluctuates along time,

abnormalities points aggregate, abnormalities rate is 14.1%.

9. Light intensity generated from 3 frequency FFT, half light factor fluctuates along time,

abnormalities points occur every other point, abnormalities rate is 7.8%.

Table 1: Performance comparison on 63 types of synthetic datasets. Each pair of the score
is a MCC score and its standard deviation. Bold font indicates the best performance in each
dataset.

Dataset Simple Statistics Hampel Filter Dynamic Filter

outlier Std abnormality Std outlier Std abnormality Std outlier Std abnormality Std
1 0.86 0.03 0.70 0.05 0.91 0.06 0.64 0.12 0.99 0.00 0.93 0.09
2 0.89 0.00 0.70 0.02 0.95 0.02 0.71 0.12 0.99 0.01 0.95 0.04
3 0.89 0.01 0.72 0.04 0.95 0.03 0.80 0.05 1.00 0.01 0.99 0.02
4 0.92 0.01 0.71 0.03 0.93 0.04 0.72 0.09 1.00 0.00 0.98 0.01
5 0.92 0.01 0.70 0.02 0.96 0.03 0.70 0.08 1.00 0.00 0.99 0.01
6 0.90 0.01 0.73 0.05 0.98 0.02 0.81 0.08 0.99 0.01 0.97 0.02
7 0.88 0.01 0.72 0.03 0.94 0.03 0.73 0.07 0.99 0.01 0.98 0.02
8 0.87 0.03 0.69 0.03 1.00 0.00 0.99 0.00 0.99 0.01 0.95 0.04
9 0.87 0.03 0.71 0.03 1.00 0.00 0.99 0.01 0.99 0.01 0.94 0.05
10 0.89 0.01 0.74 0.02 0.99 0.01 0.97 0.02 1.00 0.00 0.98 0.01
11 0.90 0.01 0.73 0.04 1.00 0.00 0.99 0.01 1.00 0.00 0.98 0.01
12 0.90 0.02 0.73 0.06 0.99 0.01 0.99 0.01 1.00 0.01 0.97 0.02
13 0.88 0.02 0.75 0.03 1.00 0.00 0.99 0.01 1.00 0.00 0.98 0.01
14 0.88 0.02 0.71 0.05 1.00 0.00 1.00 0.01 1.00 0.00 0.99 0.02
15 0.85 0.02 0.63 0.03 0.78 0.09 0.27 0.08 0.96 0.02 0.76 0.09
16 0.87 0.01 0.67 0.05 0.76 0.10 0.44 0.11 0.96 0.04 0.90 0.07
17 0.89 0.05 0.64 0.04 0.78 0.06 0.38 0.13 0.98 0.02 0.93 0.02
18 0.90 0.01 0.75 0.05 0.86 0.07 0.62 0.11 0.99 0.01 0.98 0.02
19 0.91 0.02 0.75 0.05 0.88 0.07 0.54 0.18 0.98 0.02 0.97 0.04
20 0.92 0.03 0.70 0.03 0.82 0.07 0.50 0.11 0.97 0.02 0.93 0.04
21 0.89 0.03 0.72 0.02 0.85 0.03 0.47 0.05 0.99 0.02 0.97 0.03
22 0.83 0.03 0.69 0.02 0.90 0.02 0.73 0.06 0.96 0.04 0.89 0.08
23 0.84 0.04 0.73 0.03 0.91 0.02 0.77 0.05 0.99 0.01 0.98 0.02
24 0.86 0.01 0.76 0.01 0.94 0.02 0.84 0.07 1.00 0.00 1.00 0.00
25 0.90 0.01 0.77 0.02 0.96 0.01 0.92 0.02 1.00 0.00 0.99 0.01
26 0.90 0.01 0.82 0.02 0.97 0.01 0.94 0.02 0.99 0.01 0.95 0.04
27 0.89 0.01 0.82 0.02 0.97 0.02 0.93 0.03 1.00 0.00 1.00 0.01
28 0.90 0.02 0.83 0.02 0.97 0.02 0.94 0.03 0.97 0.04 0.94 0.08
29 0.71 0.01 0.56 0.03 0.93 0.03 0.73 0.05 0.97 0.02 0.94 0.05
30 0.72 0.01 0.58 0.03 0.91 0.03 0.73 0.06 0.99 0.01 0.98 0.01
31 0.76 0.03 0.55 0.06 0.95 0.02 0.80 0.06 0.98 0.01 0.98 0.02
32 0.75 0.04 0.58 0.05 0.96 0.01 0.87 0.07 1.00 0.00 0.99 0.00
33 0.76 0.03 0.56 0.07 0.98 0.01 0.89 0.04 0.99 0.01 0.99 0.01
34 0.74 0.03 0.58 0.06 0.96 0.01 0.88 0.04 0.99 0.02 0.97 0.03
35 0.76 0.06 0.53 0.05 0.95 0.02 0.85 0.02 0.98 0.01 0.97 0.02
36 0.67 0.01 0.58 0.03 0.93 0.01 0.74 0.02 0.98 0.02 0.93 0.09
37 0.70 0.02 0.62 0.02 0.93 0.01 0.79 0.04 0.99 0.02 0.99 0.02
38 0.70 0.03 0.67 0.02 0.95 0.03 0.84 0.03 0.99 0.02 0.98 0.02
39 0.72 0.03 0.72 0.02 0.96 0.01 0.85 0.04 0.99 0.02 0.98 0.02
40 0.75 0.03 0.73 0.01 0.97 0.01 0.94 0.02 1.00 0.00 1.00 0.01
41 0.77 0.03 0.72 0.02 0.98 0.01 0.95 0.03 0.99 0.02 0.99 0.02
42 0.78 0.02 0.73 0.03 0.98 0.01 0.92 0.06 1.00 0.00 0.97 0.05
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Table. 1 (cont’d)

Dataset Simple Statistics Hampel Filter Dynamic Filter

outlier Std abnormality Std outlier Std abnormality Std outlier Std abnormality Std
43 0.73 0.03 0.44 0.07 0.64 0.08 0.32 0.04 0.91 0.02 0.89 0.01
44 0.74 0.09 0.49 0.06 0.75 0.05 0.38 0.03 0.94 0.03 0.91 0.04
45 0.76 0.04 0.45 0.04 0.74 0.03 0.43 0.06 0.97 0.01 0.95 0.03
46 0.73 0.04 0.50 0.05 0.75 0.06 0.46 0.07 0.98 0.02 0.93 0.03
47 0.69 0.05 0.57 0.05 0.84 0.04 0.59 0.07 0.99 0.01 0.96 0.03
48 0.71 0.05 0.54 0.05 0.81 0.07 0.55 0.07 0.96 0.02 0.93 0.02
49 0.72 0.07 0.53 0.07 0.73 0.07 0.47 0.06 0.98 0.01 0.95 0.03
50 0.65 0.07 0.50 0.07 0.67 0.10 0.36 0.06 0.91 0.06 0.71 0.09
51 0.61 0.03 0.51 0.02 0.65 0.04 0.40 0.05 0.93 0.03 0.86 0.05
52 0.76 0.03 0.48 0.03 0.71 0.02 0.46 0.06 0.94 0.03 0.93 0.03
53 0.69 0.05 0.52 0.06 0.66 0.06 0.45 0.08 0.98 0.01 0.96 0.02
54 0.73 0.05 0.62 0.07 0.78 0.08 0.59 0.10 0.99 0.02 0.97 0.04
55 0.75 0.01 0.54 0.02 0.82 0.05 0.44 0.09 0.98 0.01 0.98 0.01
56 0.75 0.05 0.51 0.06 0.72 0.07 0.38 0.03 0.97 0.02 0.94 0.03
57 0.85 0.05 0.62 0.05 0.90 0.04 0.73 0.04 0.99 0.01 0.77 0.10
58 0.88 0.03 0.63 0.03 0.93 0.02 0.79 0.04 0.98 0.01 0.94 0.04
59 0.88 0.02 0.68 0.02 0.94 0.02 0.82 0.04 0.97 0.02 0.86 0.04
60 0.90 0.02 0.70 0.02 0.95 0.02 0.83 0.04 0.99 0.01 0.95 0.02
61 0.90 0.03 0.75 0.05 0.97 0.01 0.90 0.04 0.98 0.02 0.95 0.04
62 0.90 0.02 0.74 0.02 0.95 0.02 0.84 0.04 0.99 0.01 0.94 0.04
63 0.91 0.02 0.70 0.03 0.96 0.02 0.86 0.03 0.99 0.01 0.96 0.02
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Table 2: Performance comparison on 63 types of synthetic datasets. Each pair of the score
is a TPR score and its standard deviation.

Simple Statistics Hampel Filter Dynamic Filter

bio outlier Std abnormality Std bio outlier Std abnormality Std bio outlier Std abnormality Std
0.85 0.03 0.90 0.03 0.84 0.06 0.92 0.05 0.97 0.05 1.00 0.01
0.85 0.03 0.90 0.05 0.87 0.06 0.88 0.06 0.98 0.02 0.99 0.01
0.87 0.03 0.88 0.04 0.92 0.02 0.93 0.04 0.99 0.01 1.00 0.00
0.88 0.02 0.83 0.05 0.86 0.06 0.87 0.03 0.99 0.01 0.99 0.01
0.86 0.06 0.84 0.03 0.86 0.05 0.83 0.03 1.00 0.00 1.00 0.00
0.89 0.02 0.88 0.05 0.93 0.03 0.89 0.04 0.99 0.01 0.99 0.02
0.88 0.01 0.86 0.05 0.88 0.05 0.87 0.04 0.99 0.01 1.00 0.01
0.83 0.03 0.91 0.05 1.00 0.00 1.00 0.00 0.97 0.02 1.00 0.01
0.85 0.01 0.88 0.02 0.99 0.01 1.00 0.00 0.95 0.06 1.00 0.01
0.89 0.01 0.89 0.01 0.99 0.01 0.99 0.01 0.99 0.01 1.00 0.00
0.86 0.02 0.89 0.03 0.99 0.00 1.00 0.00 1.00 0.00 0.98 0.02
0.86 0.03 0.90 0.07 0.99 0.01 1.00 0.01 0.98 0.01 0.99 0.01
0.88 0.02 0.90 0.03 0.99 0.01 1.00 0.00 0.99 0.01 0.99 0.01
0.85 0.03 0.90 0.04 1.00 0.00 1.00 0.00 0.99 0.01 1.00 0.01
0.79 0.05 0.88 0.06 0.58 0.10 0.63 0.07 0.86 0.11 0.87 0.10
0.82 0.03 0.88 0.04 0.66 0.07 0.73 0.09 0.96 0.04 0.95 0.08
0.77 0.05 0.88 0.04 0.64 0.10 0.70 0.10 0.95 0.02 1.00 0.00
0.87 0.04 0.90 0.03 0.81 0.06 0.83 0.09 0.99 0.01 1.00 0.01
0.87 0.05 0.87 0.07 0.71 0.11 0.82 0.08 0.98 0.02 1.00 0.00
0.85 0.04 0.82 0.05 0.71 0.09 0.77 0.08 0.97 0.02 0.99 0.02
0.85 0.02 0.90 0.04 0.68 0.05 0.83 0.05 0.98 0.02 1.00 0.00
0.81 0.03 0.95 0.04 0.88 0.03 0.94 0.04 0.95 0.03 1.00 0.01
0.83 0.03 0.98 0.03 0.90 0.02 0.96 0.03 0.99 0.01 1.00 0.00
0.86 0.01 0.96 0.01 0.93 0.03 0.97 0.02 1.00 0.00 1.00 0.00
0.89 0.02 0.94 0.04 0.96 0.01 1.00 0.00 1.00 0.00 1.00 0.00
0.90 0.01 0.99 0.02 0.97 0.01 1.00 0.00 0.96 0.04 1.00 0.00
0.89 0.01 1.00 0.00 0.97 0.02 1.00 0.00 1.00 0.00 1.00 0.00
0.90 0.02 1.00 0.00 0.97 0.02 1.00 0.00 0.97 0.04 1.00 0.00
0.71 0.01 0.80 0.02 0.85 0.04 0.91 0.02 0.97 0.02 0.95 0.08
0.72 0.01 0.81 0.04 0.86 0.02 0.90 0.05 0.98 0.01 1.00 0.00
0.73 0.02 0.79 0.06 0.92 0.02 0.90 0.04 0.98 0.01 1.00 0.01
0.73 0.02 0.82 0.07 0.94 0.02 0.95 0.03 1.00 0.00 1.00 0.00
0.71 0.01 0.81 0.08 0.94 0.02 0.94 0.02 0.99 0.01 0.99 0.01
0.73 0.02 0.80 0.05 0.93 0.02 0.95 0.02 0.98 0.03 0.99 0.01
0.72 0.02 0.74 0.04 0.93 0.01 0.92 0.02 0.98 0.01 0.99 0.01
0.67 0.01 0.84 0.04 0.90 0.01 0.94 0.02 0.97 0.03 0.94 0.12
0.70 0.02 0.86 0.03 0.91 0.02 0.93 0.02 0.99 0.02 1.00 0.00
0.70 0.03 0.93 0.03 0.94 0.03 0.94 0.02 0.99 0.02 1.00 0.00
0.72 0.03 0.98 0.01 0.95 0.01 0.98 0.03 0.99 0.02 1.00 0.00
0.75 0.03 0.97 0.04 0.97 0.01 1.00 0.00 1.00 0.00 1.00 0.00
0.78 0.02 0.91 0.06 0.98 0.01 1.00 0.00 0.99 0.02 1.00 0.00
0.78 0.02 0.95 0.04 0.98 0.01 0.99 0.02 1.00 0.00 0.96 0.08
0.61 0.03 0.70 0.03 0.56 0.08 0.60 0.09 0.91 0.02 0.97 0.02
0.65 0.04 0.71 0.03 0.60 0.04 0.66 0.13 0.94 0.02 0.95 0.08
0.61 0.02 0.75 0.05 0.63 0.03 0.70 0.04 0.96 0.01 0.98 0.04
0.67 0.03 0.69 0.07 0.66 0.03 0.67 0.06 0.94 0.02 1.00 0.01
0.64 0.04 0.83 0.08 0.76 0.06 0.75 0.02 0.96 0.03 1.00 0.00
0.67 0.05 0.77 0.09 0.75 0.07 0.72 0.05 0.94 0.02 0.99 0.02
0.65 0.03 0.77 0.05 0.65 0.06 0.70 0.02 0.97 0.02 0.98 0.02
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Table. 2 (cont’d)

Simple Statistics Hampel Filter Dynamic Filter

bio outlier Std abnormality Std bio outlier Std abnormality Std bio outlier Std abnormality Std
0.59 0.03 0.77 0.02 0.61 0.07 0.59 0.04 0.84 0.03 0.80 0.13
0.61 0.03 0.75 0.02 0.60 0.03 0.68 0.03 0.90 0.04 0.95 0.08
0.62 0.03 0.75 0.02 0.66 0.04 0.67 0.07 0.94 0.03 0.99 0.01
0.62 0.02 0.79 0.05 0.60 0.06 0.72 0.06 0.98 0.01 0.98 0.02
0.73 0.05 0.79 0.12 0.74 0.05 0.78 0.09 0.98 0.03 0.99 0.02
0.67 0.05 0.78 0.07 0.68 0.04 0.66 0.09 0.98 0.01 1.00 0.00
0.69 0.05 0.72 0.08 0.60 0.04 0.67 0.04 0.95 0.02 0.99 0.03
0.79 0.03 0.85 0.04 0.86 0.02 0.90 0.02 0.88 0.07 0.89 0.06
0.77 0.03 0.90 0.06 0.90 0.02 0.93 0.03 0.96 0.02 0.99 0.02
0.84 0.03 0.82 0.01 0.91 0.03 0.94 0.04 0.94 0.03 0.90 0.09
0.84 0.01 0.87 0.03 0.92 0.02 0.93 0.03 0.98 0.01 0.98 0.02
0.87 0.04 0.90 0.02 0.95 0.02 0.97 0.02 0.97 0.02 1.00 0.00
0.88 0.02 0.89 0.02 0.92 0.03 0.95 0.03 0.97 0.02 0.99 0.01
0.85 0.02 0.89 0.02 0.93 0.01 0.95 0.02 0.97 0.02 0.99 0.01
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