DATA SCIENCE VOCABULARY FOR SCIENTISTS

MASTERING DATA SCIENCE VOCABULARY FOR SCIENTISTS: A COMPREHENSIVE GUIDE

DATA SCIENCE VOCABULARY FOR SCIENTISTS IS AN ESSENTIAL BRIDGE, ENABLING RESEARCHERS ACROSS DISCIPLINES TO
EFFECTIVELY COMMUNICATE, COLLABORATE, AND LEVERAGE THE POWER OF DATA-DRIVEN INSIGHTS. AS SCIENTIFIC INQUIRY
INCREASINGLY RELIES ON SOPHISTICATED ANALYTICAL TECHNIQUES AND COMPUTATIONAL METHODS, A SHARED UNDERSTANDING
OF TERMINOLOGY BECOMES PARAMOUNT. THIS ARTICLE SERVES AS YOUR COMPREHENSIVE LEXICON, DEMYSTIFYING KEY DATA
SCIENCE CONCEPTS, FROM FOUNDATIONAL STATISTICAL PRINCIPLES TO ADVANCED MACHINE LEARNING ALGORITHMS. WE wiLL
EXPLORE THE BUILDING BLOCKS OF DATA HANDLING, THE NUANCES OF PREDICTIVE MODELING, AND THE CRITICAL ASPECTS OF
DATA INTERPRETATION, ALL TAILORED TO EMPOWER SCIENTISTS IN THEIR DATA EXPLORATION JOURNEY. GET READY TO EXPAND
YOUR ANALYTICAL TOOLKIT AND CONFIDENTLY ENGAGE IN THE LANGUAGE OF MODERN SCIENTIFIC DISCOVERY.
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Core DATA Science CONCEPTS

AT ITS HEART, DATA SCIENCE IS AN INTERDISCIPLINARY FIELD THAT USES SCIENTIFIC METHODS, PROCESSES, ALGORITHMS, AND
SYSTEMS TO EXTRACT KNOWLEDGE AND INSIGHTS FROM STRUCTURED AND UNSTRUCTURED DATA. IT'S ABOUT MORE THAN JUST
CRUNCHING NUMBERS; IT'S ABOUT UNDERSTANDING THE STORY THE DATA TELLS AND USING THAT STORY TO MAKE INFORMED
DECISIONS OR GENERATE NEW HYPOTHESES. FOR SCIENTISTS, THIS MEANS BEING ABLE TO TRANSLATE THEIR DOMAIN EXPERTISE
INTO A DATA-CENTRIC PROBLEM AND THEN INTERPRET THE RESULTS OF COMPLEX ANALYSES WITHIN THEIR SPECIFIC FIELD.

THINK OF DATA SCIENCE AS A POWERFUL LENS THROUGH WHICH WE CAN EXAMINE THE WORLD AROUND US. THIS LENS IS BUILT
UPON SEVERAL FOUNDATIONAL PILLARS. THESE INCLUDE STATISTICAL ANALYSIS, WHICH HELPS US UNDERSTAND VARIABILITY
AND RELATIONSHIPS; COMPUTER SCIENCE, WHICH PROVIDES THE TOOLS AND INFRASTRUCTURE FOR HANDLING VAST AMOUNTS OF
DATA; AND DOMAIN EXPERTISE, WHICH IS YOUR INVALUABLE KNOWLEDGE OF THE SCIENTIFIC AREA YOU ARE WORKING IN.

UNDERSTANDING DATA TYPES

BEFORE DIVING INTO COMPLEX ANALYSES, IT'S CRUCIAL TO GRASP THE DIFFERENT TYPES OF DATA YOU'LL ENCOUNTER. DATA
ISN/TJUST A MONOLITHIC BLOCK; IT COMES IN VARIOUS FORMS, EACH REQUIRING DIFFERENT HANDLING AND ANALYTICAL
APPROACHES. MISUNDERSTANDING DATA TYPES CAN LEAD TO INCORRECT CONCLUSIONS, SO THIS IS A FUNDAMENTAL STEP FOR
ANY SCIENTIST VENTURING INTO DATA ANALYSIS.

\W/E OFTEN CATEGORIZE DATA INTO TWO BROAD TYPES: QUANTITATIVE AND QUALITATIVE. QUANTITATIVE DATA IS
NUMERICAL AND CAN BE MEASURED. THIS INCLUDES THINGS LIKE TEMPERATURE READINGS, GENE EXPRESSION LEVELS, OR REACTION
RATES. QUALITATIVE DATA, ON THE OTHER HAND, IS DESCRIPTIVE AND NON-NUMERICAL, SUCH AS OBSERVATIONS FROM AN
EXPERIMENT, INTERVIEW TRANSCRIPTS, OR TEXTUAL DESCRIPTIONS OF A PHENOMENON. \W/ITHIN QUANTITATIVE DATA, WE
FURTHER DISTINGUISH BETWEEN DISCRETE DATA (COUNTABLE, LIKE THE NUMBER OF CELLS) AND CONTINUOUS DATA
(MEASURABLE, LIKE HEIGHT OR MASS).



STRUCTURED VS. UNSTRUCTURED DATA

ANOTHER CRITICAL DISTINCTION IS BETWEEN STRUCTURED AND UNSTRUCTURED DATA. STRUCTURED DATA IS HIGHLY ORGANIZED
AND TYPICALLY RESIDES IN RELATIONAL DATABASES OR SPREADSHEETS. THINK OF TABLES WITH ROWS AND COLUMNS, \WHERE
EACH CELL HAS A SPECIFIC MEANING, LIKE EXPERIMENTAL MEASUREMENTS IN A CSV FILE. THIS TYPE OF DATA IS GENERALLY
EASIER TO QUERY AND ANALYZE USING TRADITIONAL STATISTICAL METHODS.

UNSTRUCTURED DATA, HOWEVER, IS FAR MORE VARIED AND DOESN'T FIT NEATLY INTO PREDEFINED ROWS AND COLUMNS.
EXAMPLES INCLUDE TEXT DOCUMENTS, IMAGES, AUDIO FILES, AND VIDEOS. W/HILE IT MIGHT SEEM LESS AMENABLE TO ANALYSIS,
TECHNIQUES LIKE NATURAL LANGUAGE PROCESSING (NLP) AND COMPUTER VISION ARE INCREASINGLY ALLOWING US TO
EXTRACT VALUABLE INSIGHTS FROM THIS RICH, ALBEIT MESSY, DATA. For INSTANCE, ANALYZING SCIENTIFIC LITERATURE FOR
EMERGING TRENDS OR CATEGORIZING MICROSCOPIC IMAGES ARE APPLICATIONS OF WORKING WITH UNSTRUCTURED DATA.

DATA PREPROCESSING AND FEATURE ENGINEERING

RAW DATA IS RARELY READY FOR IMMEDIATE ANALYSIS. |T'S OFTEN MESSY, INCOMPLETE, AND MIGHT CONTAIN ERRORS. DATA
PREPROCESSING IS THE CRUCIAL STEP OF CLEANING AND TRANSFORMING RAW DATA INTO A FORMAT SUITABLE FOR MACHINE
LEARNING ALGORITHMS. \WITHOUT PROPER PREPROCESSING, YOUR MODELS WILL BE TRAINED ON FLAWED INFORMATION, LEADING
TO UNRELIABLE RESULTS. THIS STAGE CAN OFTEN BE THE MOST TIME-CONSUMING PART OF A DATA SCIENCE PROJECT BUT IS
ABSOLUTELY VITAL FOR SUCCESS.

FEATURE ENGINEERING, CLOSELY RELATED TO PREPROCESSING, INVOLVES USING DOMAIN KNOWLEDGE TO CREATE NEW FEATURES
FROM EXISTING ONES. THIS CAN SIGNIFICANTLY IMPROVE THE PERFORMANCE OF YOUR MODELS BY HIGHLIGHTING RELEVANT
PATTERNS THAT MIGHT NOT BE APPARENT IN THE RAW DATA. FOR A SCIENTIST, THIS IS WHERE YOUR EXPERTISE TRULY SHINES,
ALLOWING YOU TO CRAFT FEATURES THAT CAPTURE THE UNDERLYING SCIENTIFIC PHENOMENA YOU ARE INVESTIGATING.

DATA CLEANING TECHNIQUES

DATA CLEANING ADDRESSES COMMON DATA QUALITY ISSUES. THIS INCLUDES HANDLING MISSING VALUES, WHICH CAN OCCUR IF
A MEASUREMENT FAILED OR WASN'T RECORDED. STRATEGIES FOR DEALING WITH MISSING DATA INCLUDE IMPUTATION (REPLACING
MISSING VALUES WITH ESTIMATED ONES, LIKE THE MEAN OR MEDIAN) OR SIMPLY REMOVING THE AFFECTED DATA POINTS, THOUGH
THE LATTER SHOULD BE DONE CAUTIOUSLY.

ANOTHER ASPECT OF DATA CLEANING IS DEALING WITH OUTLIERS — DATA POINTS THAT DEVIATE SIGNIFICANTLY FROM OTHERS.
OUTLIERS CAN SOMETIMES BE GENUINE ANOMALIES THAT REQUIRE INVESTIGATION, OR THEY MIGHT BE ERRORS IN MEASUREMENT
OR DATA ENTRY. IDENTIFYING AND APPROPRIATELY HANDLING OUTLIERS, WHETHER BY REMOVING THEM, TRANSFORMING THEM, OR
USING ROBUST STATISTICAL METHODS, IS ESSENTIAL FOR ACCURATE ANALYSIS. \WE ALSO ADDRESS INCONSISTENCIES, SUCH AS
DIFFERENT UNITS OF MEASUREMENT FOR THE SAME VARIABLE, ENSURING UNIFORMITY ACROSS THE DATASET.

FEATURE SELECTION AND EXTRACTION

NOT ALL VARIABLES IN YOUR DATASET WILL BE EQUALLY IMPORTANT FOR YOUR ANALYSIS OR MODEL. FEATURE SELECTION IS
THE PROCESS OF CHOOSING THE MOST RELEVANT FEATURES TO USE IN YOUR MODEL, WHICH CAN IMPROVE PERFORMANCE AND
REDUCE COMPUTATIONAL COSTS. TECHNIQUES RANGE FROM SIMPLE CORRELATION ANALYSIS TO MORE COMPLEX METHODS LIKE
RECURSIVE FEATURE ELIMINATION.

FEATURE EXTRACTION, ON THE OTHER HAND, AIMS TO CREATE NEW, MORE INFORMATIVE FEATURES FROM THE ORIGINAL ONES,
OFTEN BY REDUCING DIMENSIONALITY. FOR EXAMPLE, PrINCIPAL COMPONENT ANALYSIS (PCA) IS A POPULAR TECHNIQUE THAT
TRANSFORMS A SET OF CORRELATED VARIABLES INTO A SMALLER SET OF UNCORRELATED VARIABLES (PRINCIPAL COMPONENTS)



THAT CAPTURE MOST OF THE VARIANCE IN THE ORIGINAL DATA. THIS IS PARTICULARLY USEFUL WHEN DEALING WITH HIGH-
DIMENSIONAL DATASETS, COMMON IN FIELDS LIKE GENOMICS OR IMAGING.

STATISTICAL FOUNDATIONS IN DATA SCIENCE

\W/HILE DATA SCIENCE ENCOMPASSES MORE THAN JUST STATISTICS, A STRONG FOUNDATION IN STATISTICAL PRINCIPLES IS
INDISPENSABLE. STATISTICS PROVIDES THE THEORETICAL UNDERPINNINGS FOR UNDERSTANDING DATA VARIABILITY, DRAWING
INFERENCES, AND QUANTIFYING UNCERTAINTY. For SCIENTISTS, MANY STATISTICAL CONCEPTS WILL FEEL FAMILIAR, BUT DATA
SCIENCE OFTEN APPLIES THEM IN NEXW AND MORE COMPUTATIONALLY INTENSIVE WAYS.

KEY STATISTICAL CONCEPTS HELP US DESCRIBE DATA, IDENTIFY RELATIONSHIPS BETWEEN VARIABLES, AND MAKE PREDICTIONS.
THIS UNDERSTANDING ALLOWS US TO MOVE BEYOND SIMPLE OBSERVATIONS TO RIGOROUS, DATA-BACKED CONCLUSIONS. IT’s
THE BEDROCK UPON WHICH MANY POWERFUL DATA SCIENCE TECHNIQUES ARE BUILT.

DESCRIPTIVE STATISTICS

DESCRIPTIVE STATISTICS ARE USED TO SUMMARIZE AND DESCRIBE THE MAIN FEATURES OF A DATASET. THIS INCLUDES MEASURES
OF CENTRAL TENDENCY, SUCH AS THE MEAN, MEDIAN, AND MODE, WHICH TELL US ABOUT THE TYPICAL VALUE IN A DATASET. WEe
ALSO LOOK AT MEASURES OF DISPERSION, LIKE VARIANCE AND STANDARD DEVIATION, WHICH INDICATE HOW SPREAD OUT THE
DATA IS. FOR INSTANCE, UNDERSTANDING THE STANDARD DEVIATION OF EXPERIMENTAL RESULTS HELPS QUANTIFY THE
CONSISTENCY OF YOUR FINDINGS.

HISTOGRAMS AND BOX PLOTS ARE COMMON GRAPHICAL TOOLS FOR VISUALIZING THE DISTRIBUTION OF DATA, PROVIDING AN
INTUITIVE UNDERSTANDING OF ITS SPREAD AND CENTRAL TENDENCIES. THESE BASIC STATISTICAL SUMMARIES ARE THE FIRST STEP
IN EXPLORING ANY DATASET, OFFERING A QUICK OVERVIEW BEFORE MORE COMPLEX ANALYSES.

INFERENTIAL STATISTICS

INFERENTIAL STATISTICS ALLOWS US TO DRAW CONCLUSIONS ABOUT A POPULATION BASED ON A SAMPLE OF DATA. THIS IS
CRITICAL IN SCIENTIFIC RESEARCH, WHERE WE OFTEN STUDY A SUBSET OF PHENOMENA TO UNDERSTAND A BROADER TREND.
HYPOTHESIS TESTING IS A CORNERSTONE OF INFERENTIAL STATISTICS, WHERE WE FORMULATE A NULL HYPOTHESIS (E.G., THERE
IS NO DIFFERENCE BETWEEN TWO TREATMENT GROUPS) AND AN ALTERNATIVE HYPOTHESIS, THEN USE STATISTICAL TESTS TO
DETERMINE IF THERE'S ENOUGH EVIDENCE TO REJECT THE NULL HYPOTHESIS.

CONFIDENCE INTERVALS PROVIDE A RANGE OF VALUES WITHIN WHICH A POPULATION PARAMETER IS LIKELY TO LIE. FOR EXAMPLE,
A CONFIDENCE INTERVAL AROUND A CALCULATED EFFECT SIZE TELLS US THE PLAUSIBLE RANGE OF THAT EFFECT IN THE WIDER
POPULATION. UNDERSTANDING P~V ALUES, SIGNIFICANCE LEVELS, AND THE PRINCIPLES OF SAMPLING IS CRUCIAL FOR MAKING
VALID INFERENCES FROM YOUR DATA.

MACHINE LEARNING FUNDAMENTALS

MACHINE LEARNING (ML) IS A SUBSET OF ARTIFICIAL INTELLIGENCE THAT ENABLES SYSTEMS TO LEARN FROM DATA AND MAKE
PREDICTIONS OR DECISIONS WITHOUT BEING EXPLICITLY PROGRAMMED. FOR SCIENTISTS, ML OFFERS POWERFUL TOOLS TO
UNCOVER COMPLEX PATTERNS, AUTOMATE REPETITIVE TASKS, AND BUILD PREDICTIVE MODELS THAT CAN ACCELERATE
DISCOVERY. IT'S ABOUT TEACHING COMPUTERS TO LEARN FROM EXPERIENCE, MUCH LIKE HUMANS DO.

THE BEAUTY OF MACHINE LEARNING LIES IN ITS ABILITY TO HANDLE DATASETS THAT ARE TOO LARGE OR TOO COMPLEX FOR



TRADITIONAL MANUAL ANALYSIS. BY RECOGNIZING PATTERNS IN DATA, ML ALGORITHMS CAN AUTOMATE TASKS RANGING FROM
IMAGE RECOGNITION TO DRUG DISCOVERY, OPENING UP NEW FRONTIERS IN SCIENTIFIC RESEARCH.

SUPERVISED VS. UNSUPERVISED LEARNING

MACHINE LEARNING ALGORITHMS ARE BROADLY CATEGORIZED INTO TWO MAIN TYPES: SUPERVISED AND UNSUPERVISED LEARNING.
SUPERVISED LEARNING INVOLVES TRAINING A MODEL ON A LABELED DATASET, MEANING EACH DATA POINT HAS A KNOWN
OUTCOME OR TARGET VARIABLE. THE GOAL IS FOR THE MODEL TO LEARN THE MAPPING FROM INPUT FEATURES TO THE OUTPUT
LABEL.

EXAMPLES OF SUPERVISED LEARNING TASKS INCLUDE CLASSIFICATION <E.G., PREDICTING WHETHER A CELL IS CANCEROUS OR NOT
BASED ON ITS FEATURES) AND REGRESSION (E.G./ PREDICTING A PATIENT'S BLOOD PRESSURE BASED ON VARIOUS PHYSIOLOGICAL
MEASUREMENTS). UNSUPERVISED LEARNING, ON THE OTHER HAND, DEALS WITH UNLABELED DATA. THE ALGORITHM MUST FIND
PATTERNS, STRUCTURES, OR RELATIONSHIPS WITHIN THE DATA ON ITS OWN.

COMMON UNSUPERVISED LEARNING TECHNIQUES INCLUDE CLUSTERING (GROUPING SIMILAR DATA POINTS TOGETHER, LIKE
IDENTIFYING DISTINCT CELL POPULATIONS IN A FLOW CYTOMETRY EXPERIMENT) AND DIMENSIONALITY REDUCTION (REDUCING THE
NUMBER OF VARIABLES WHILE RETAINING IMPORTANT INFORMATION). UNSUPERVISED LEARNING IS EXCELLENT FOR EXPLORATORY
DATA ANALYSIS AND DISCOVERING HIDDEN PATTERNS.

CoMMON ALGORITHMS

THERE'S A VAST ARRAY OF MACHINE LEARNING ALGORITHMS, EACH SUITED FOR DIFFERENT TYPES OF PROBLEMS. SOME OF THE
MOST FREQUENTLY ENCOUNTERED INCLUDE:

o LINEAR REGRESSION: A SIMPLE YET POWERFUL ALGORITHM FOR PREDICTING A CONTINUOUS TARGET VARIABLE BASED ON
A LINEAR RELATIONSHIP WITH INPUT FEATURES.

® LoGISTIC REGRESSION: USED FOR BINARY CLASSIFICATION PROBLEMS, PREDICTING THE PROBABILITY OF A DATA POINT
BELONGING TO A PARTICULAR CLASS.

o DecISION TREES: TREE-LIKE STRUCTURES THAT MAKE DECISIONS BASED ON A SERIES OF IF-THEN-ELSE RULES. THEY ARE
INTUITIVE AND EASY TO INTERPRET.

* RANDOM FORESTS: AN ENSEMBLE METHOD THAT COMBINES MULTIPLE DECISION TREES TO IMPROVE ACCURACY AND
ROBUSTNESS, REDUCING THE RISK OF OVERFITTING.

o SUPPORT VECTOR MACHINES (SVMS): POWERFUL ALGORITHMS FOR BOTH CLASSIFICATION AND REGRESSION THAT
\WORK BY FINDING THE OPTIMAL HYPERPLANE TO SEPARATE DATA POINTS.

e K-MeANs CLUSTERING: AN ITERATIVE ALGORITHM USED TO PARTITION A DATASET INTO 'k’ DISTINCT CLUSTERS BASED
ON FEATURE SIMILARITY.

o NeurAL NETWORKS (Deep LEARNING): COMPLEX, MULTI-LAYERED MODELS INSPIRED BY THE STRUCTURE OF THE HUMAN
BRAIN, CAPABLE OF LEARNING INTRICATE PATTERNS IN LARGE DATASETS.

UNDERSTANDING THE FUNDAMENTAL PRINCIPLES BEHIND THESE ALGORITHMS, THEIR STRENGTHS, AND THEIR LIMITATIONS IS KEY TO
SELECTING THE RIGHT TOOL FOR YOUR SCIENTIFIC PROBLEM.



MoDEL EVALUATION AND INTERPRETATION

ONCE YOU'VE TRAINED A MACHINE LEARNING MODEL, THE JOB ISN'T DONE. IT'S CRUCIAL TO EVALUATE HOW WELL YOUR MODEL
PERFORMS AND, PERHAPS MORE IMPORTANTLY, TO UNDERSTAND WHY IT MAKES THE PREDICTIONS IT DOES. MODEL EVALUATION
PROVIDES A QUANTITATIVE ASSESSMENT OF PERFORMANCE, WHILE INTERPRETATION HELPS BUILD TRUST, IDENTIFY BIASES, AND
ENSURE SCIENTIFIC VALIDITY.

For SCIENTISTS, A MODEL THAT SIMPLY PREDICTS WELL ISN'T ALWAYS ENOUGH. \WE OFTEN NEED TO UNDERSTAND THE CAUSAL
RELATIONSHIPS OR THE INFLUENTIAL FACTORS THAT THE MODEL HAS IDENTIFIED. THIS INTERPRETATION IS VITAL FOR GENERATING
NEW HYPOTHESES OR VALIDATING EXISTING ONES.

PERFORMANCE METRICS

THE CHOICE OF EVALUATION METRIC DEPENDS HEAVILY ON THE TYPE OF PROBLEM YOU ARE SOLVING. FOR CLASSIFICATION
TASKS, COMMON METRICS INCLUDE:

® ACCURACY: THE PROPORTION OF CORRECTLY CLASSIFIED INST ANCES.

® PRECISION: THE PROPORTION OF TRUE POSITIVES AMONG ALL POSITIVE PREDICTIONS. HIGH PRECISION MEANS FEWER
FALSE POSITIVES.

e RecaLL (SENSITIVITY)Z THE PROPORTION OF TRUE POSITIVES AMONG ALL ACTUAL POSITIVE INSTANCES. HIGH RECALL
MEANS FEWER FALSE NEGATIVES.

o F1-Score: THE HARMONIC MEAN OF PRECISION AND RECALL, PROVIDING A BALANCED MEASURE.

e AUC-ROC: THe ArReA UNDER THE RECEIVER OPERATING CHARACTERISTIC CURVE, WHICH MEASURES THE MODEL'S
ABILITY TO DISTINGUISH BETWEEN CLASSES ACROSS VARIOUS THRESHOLDS.

FOR REGRESSION TASKS, COMMON METRICS INCLUDE MEAN SQUARED ErRROR (MSE), RooT MeAN SQUARED ErrOR (RMSE),
AND MeAN ABSOLUTE ERROR (MAE), WHICH MEASURE THE AVERAGE MAGNITUDE OF THE ERRORS IN THE PREDICTIONS.

OVERFITTING AND UNDERFITTING

TWO COMMON PITFALLS IN MODEL TRAINING ARE OVERFITTING AND UNDERFITTING. OVERFITTING OCCURS WHEN A MODEL LEARNS
THE TRAINING DATA TOO WELL, INCLUDING ITS NOISE AND SPECIFIC NUANCES, LEADING TO POOR PERFORMANCE ON UNSEEN DATA.
IT'S LIKE MEMORIZING THE ANSWERS TO A SPECIFIC EXAM WITHOUT UNDERSTANDING THE CONCEPTS — YOU'LL DO WELL ON THAT
EXAM BUT FAIL ON A DIFFERENT ONE.

UNDERFITTING, CONVERSELY, HAPPENS WHEN A MODEL IS TOO SIMPLE TO CAPTURE THE UNDERLYING PATTERNS IN THE DATA,
RESULTING IN POOR PERFORMANCE ON BOTH TRAINING AND TESTING DATA. THIS IS LIKE TRYING TO EXPLAIN A COMPLEX
BIOLOGICAL PROCESS USING ONLY BASIC ARITHMETIC. TECHNIQUES LIKE CROSS-VALIDATION AND REGULARIZATION ARE USED TO
PREVENT OVERFITTING, WHILE INCREASING MODEL COMPLEXITY OR ADDING MORE RELEVANT FEATURES CAN HELP ADDRESS
UNDERFITTING.



DATA VisuAaLizATION AND COMMUNICATION

DATA VISUALIZATION IS THE GRAPHICAL REPRESENTATION OF DATA. IT'S A POWERFUL TOOL FOR EXPLORING DATASETS,
IDENTIFYING PATTERNS, OUTLIERS, AND TRENDS, AND FOR COMMUNICATING COMPLEX FINDINGS TO A BROAD AUDIENCE, INCLUDING
PEERS, COLLABORATORS, AND THE PUBLIC. A WELL-CRAFTED VISUALIZATION CAN MAKE INTRICATE DATA UNDERSTANDABLE AT
A GLANCE, CONVEYING INSIGHTS THAT MIGHT BE LOST IN TABLES OF NUMBERS.

EFFECTIVE DATA VISUALIZATION GOES BEYOND SIMPLY PLOTTING DATA, IT'S ABOUT TELLING A COMPELLING STORY. FOR
SCIENTISTS, IT'S THE BRIDGE BETWEEN RAW DATA AND ACCESSIBLE KNOWLEDGE, ENABLING BETTER UNDERSTANDING AND MORE
IMPACTFUL DISSEMINATION OF RESEARCH. THINK OF IT AS TRANSLATING COMPLEX SCIENTIFIC RESULTS INTO A UNIVERSAL
LANGUAGE THAT EVERYONE CAN UNDERSTAND.

TyYPES OF VISUALIZATIONS

THE CHOICE OF VISUALIZATION DEPENDS ON THE TYPE OF DATA AND THE MESSAGE YOU WANT TO CONVEY. SOME FUNDAMENTAL
TYPES INCLUDE:

® SCATTER PLOTS: IDEAL FOR SHOWING THE RELATIONSHIP BETWEEN T\WO NUMERICAL VARIABLES.
o LINE CHARTS: USED TO DISPLAY TRENDS OVER TIME OR ACROSS A CONTINUOUS VARIABLE.

® BAR CHARTS: EFFECTIVE FOR COMPARING CATEGORICAL DATA OR SHOWING PROPORTIONS.

® HISTOGRAMS: VISUALIZE THE DISTRIBUTION OF A SINGLE NUMERICAL VARIABLE.

® HEATMAPS: REPRESENT DATA IN A MATRIX FORMAT, WITH COLORS INDICATING VALUES, OFTEN USED FOR CORRELATION
MATRICES OR GENE EXPRESSION DATA.

® Box PLOTS: SHOW THE DISTRIBUTION OF NUMERICAL DATA ACROSS DIFFERENT CATEGORIES, HIGHLIGHTING QUARTILES
MEDIAN, AND OUTLIERS.

1

BEYOND THESE BASICS, MORE ADVANCED VISUALIZATIONS LIKE NET\WORK GRAPHS, 3D PLOTS, AND INTERACTIVE DASHBOARDS
CAN REVEAL DEEPER INSIGHTS AND ENGAGE THE AUDIENCE MORE EFFECTIVELY.

COMMUNICATING FINDINGS

THE ABILITY TO COMMUNICATE YOUR DATA SCIENCE FINDINGS CLEARLY AND CONCISELY IS AS IMPORTANT AS THE ANALYSIS
ITSELF. THIS INVOLVES TAILORING YOUR MESSAGE TO YOUR AUDIENCE. \WHEN PRESENTING TO FELLOW DATA SCIENTISTS, YOU
CAN DELVE INTO TECHNICAL DETAILS. HO\X/EVER, WHEN COMMUNICATING WITH A BROADER SCIENTIFIC AUDIENCE OR
STAKEHOLDERS, THE FOCUS SHOULD BE ON THE KEY INSIGHTS, IMPLICATIONS, AND THE STORY THE DATA TELLS.

USING VISUALIZATIONS EFFECTIVELY IS PARAMOUNT HERE. A CLEAR, WELL-LABELED PLOT CAN OFTEN CONVEY MORE
INFORMATION AND BE MORE PERSUASIVE THAN PAGES OF TEXT. PRACTICE EXPLAINING YOUR METHODOLOGIES, RESULTS, AND
CONCLUSIONS IN A STRAIGHTFORW ARD MANNER, AVOIDING JARGON WHERE POSSIBLE OR EXPLAINING IT CLEARLY \WHEN
NECESSARY. REMEMBER/ THE GOAL IS TO FOSTER UNDERSTANDING AND DRIVE ACTION OR FURTHER INQUIRY.



ETHICAL CONSIDERATIONS IN DATA SCIENCE

AS DATA SCIENCE BECOMES MORE INTEGRATED INTO SCIENTIFIC RESEARCH, ETHICAL CONSIDERATIONS ARE OF UTMOST
IMPORTANCE. THE POWER OF DATA ANALYSIS COMES WITH A RESPONSIBILITY TO USE IT WISELY AND ETHICALLY. |GNORING
THESE CONSIDERATIONS CAN LEAD TO BIASED RESULTS, PRIVACY VIOLATIONS, AND A LOSS OF TRUST IN SCIENTIFIC FINDINGS.

For SCIENTISTS, GRAPPLING WITH ETHICAL DILEMMAS IN DATA SCIENCE REQUIRES A PROACTIVE APPROACH. IT°s ABOUT
ENSURING FAIRNESS, TRANSPARENCY, AND ACCOUNTABILITY IN HOW DATA IS COLLECTED, ANALYZED, AND USED. THIS IS NOT
JUST A MATTER OF COMPLIANCE BUT A FUNDAMENTAL ASPECT OF RESPONSIBLE SCIENTIFIC PRACTICE.

Bias INDATA AND ALGORITHMS

ONE OF THE MOST SIGNIFICANT ETHICAL CHALLENGES IS BIAS. BIAS CAN CREEP INTO DATA SCIENCE PROJECTS AT MULTIPLE
STAGES, FROM THE COLLECTION OF DATA TO THE DESIGN OF ALGORITHMS. IF THE DATA USED TO TRAIN A MODEL IS NOT
REPRESENTATIVE OF THE POPULATION OR PHENOMENON BEING STUDIED, THE MODEL WILL LIKELY PRODUCE BIASED OUTCOMES.
For EXAMPLE, IF A DIAGNOSTIC TOOL IS TRAINED PRIMARILY ON DATA FROM ONE DEMOGRAPHIC GROUP, IT MAY PERFORM
POORLY OR UNFAIRLY FOR OTHERS.

ALGORITHMIC BIAS REFERS TO SYSTEMATIC AND REPEATABLE ERRORS IN A COMPUTER SYSTEM THAT CREATE UNFAIR OUTCOMES,
SUCH AS PRIVILEGING ONE ARBITRARY GROUP OF USERS OVER OTHERS. RECOGNIZING AND MITIGATING BIAS IN BOTH DATA AND
ALGORITHMS IS CRUCIAL FOR ENSURING THAT DATA SCIENCE SERVES TO ADVANCE EQUITABLE SCIENTIFIC UNDERSTANDING AND
APPLICATION.

DATA PRIVACY AND SECURITY

PROTECTING THE PRIVACY AND SECURITY OF DATA IS A FUNDAMENTAL ETHICAL OBLIGATION, ESPECIALLY WHEN DEALING WITH
SENSITIVE INFORMATION SUCH AS PATIENT RECORDS OR PERSONAL RESEARCH DATA. ROBUST SECURITY MEASURES ARE
NECESSARY TO PREVENT UNAUTHORIZED ACCESS, DATA BREACHES, AND MISUSE OF INFORMATION. THIS OFTEN INVOLVES
ANONYMIZATION TECHNIQUES, ENCRYPTION, AND ADHERENCE TO DATA PROTECTION REGULATIONS.

SCIENTISTS MUST BE MINDFUL OF THE POTENTIAL IMPLICATIONS OF DATA SHARING AND STORAGE. T RANSPARENCY ABOUT DATA
USAGE POLICIES AND OBTAINING INFORMED CONSENT WHERE NECESSARY ARE CRITICAL STEPS IN MAINTAINING ETHICAL
STANDARDS. BUILDING AND MAINTAINING PUBLIC TRUST IN DATA-DRIVEN SCIENCE HINGES ON A COMMITMENT TO SAFEGUARDING
PRIVACY AND ENSURING DATA INTEGRITY.

FREQUENTLY AskeD QUESTIONS

Q: WHAT IS THE MOST CRITICAL DATA SCIENCE VOCABULARY FOR A BIOLOGIST?

A: FOR A BIOLOGIST, UNDERSTANDING TERMS RELATED TO DATA TYPES (E.G., GENOMIC, PROTEOMIC, IMAGING), STATISTICAL
CONCEPTS FOR HYPOTHESIS TESTING (E.G., P~VALUE, T-TEST, ANOV A), AND COMMON MACHINE LEARNING ALGORITHMS USED IN
BIOINFORMATICS AND COMPUTATIONAL BIOLOGY (E.G., CLUSTERING FOR CELL POPULATIONS, CLASSIFICATION FOR DISEASE
PREDICTION, DIMENSIONALITY REDUCTION FOR FEATURE ANALYSIS) IS PARAMOUNT. CONCEPTS LIKE FEATURE SELECTION AND
MODEL INTERPRETABILITY ARE ALSO VITAL FOR UNDERSTANDING BIOLOGICAL MECHANISMS FROM DATA.



Q: HoW DOES DATA SCIENCE VOCABULARY DIFFER FOR A PHYSICIST COMPARED TO A
CHEMIST?

A: WHILE BOTH PHYSICISTS AND CHEMISTS WORK WITH QUANTITATIVE DATA, A PHYSICIST MIGHT FOCUS MORE ON TERMS
RELATED TO TIME-SERIES ANALYSIS, SIGNAL PROCESSING, AND SIMULATIONS FOR UNDERSTANDING PHYSICAL PHENOMENA. A
CHEMIST MIGHT PRIORITIZE VOCABULARY RELATED TO CHEMICAL PROPERTY PREDICTION, MATERIAL SCIENCE DATA, AND
REGRESSION MODELS FOR PREDICTING REACTION OUTCOMES OR MOLECULAR STABILITY. HO\X/EVER, CORE CONCEPTS LIKE DATA
CLEANING, FEATURE ENGINEERING, AND MODEL EVALUATION ARE UNIVERSALLY IMPORTANT.

Q: WHAT ARE THE KEY TERMS RELATED TO DATA VISUALIZATION FOR SCIENTISTS?

A: ESSENTIAL DATA VISUALIZATION VOCABULARY FOR SCIENTISTS INCLUDES UNDERSTANDING DIFFERENT CHART TYPES (E.G.,
SCATTER PLOTS, LINE CHARTS, HEATMAPS, BOX PLOTS), THEIR APPROPRIATE USE CASES FOR SCIENTIFIC DATA, CONCEPTS LIKE
AXES, LABELS, LEGENDS, AND COLOR SCALES, AND TERMS RELATED TO DIMENSIONALITY REDUCTION VISUALIZATIONS (LIKE PCA
PLOTS). ADDITIONALLY, UNDERSTANDING HOW TO CONVEY UNCERTAINTY AND STATISTICAL SIGNIFICANCE VISUALLY IS
CRUCIAL.

QI \WHAT DOES ‘MODEL INTERPRETABILITY' MEAN IN DATA SCIENCE FOR SCIENTISTS?

A: MODEL INTERPRETABILITY REFERS TO THE EXTENT TO WHICH THE WORKINGS OF A MACHINE LEARNING MODEL CAN BE
UNDERSTOOD BY HUMANS. FOR SCIENTISTS, THIS IS CRITICAL BECAUSE IT ALLOWS THEM TO UNDERSTAND WHY A MODEL MAKES
A PARTICULAR PREDICTION, WHICH CAN LEAD TO NEW SCIENTIFIC INSIGHTS, VALIDATION OF HYPOTHESES, OR IDENTIFICATION OF
BIASES. TERMS LIKE FEATURE IMPORTANCE, PARTIAL DEPENDENCE PLOTS, AND LIME ARE RELEVANT HERE.

Q: WHAT ARE THE MOST IMPORTANT MACHINE LEARNING CONCEPTS FOR RESEARCHERS IN
SOCIAL SCIENCES?

A: FOR SOCIAL SCIENCE RESEARCHERS, UNDERSTANDING NATURAL LANGUAGE PROCESSING (NLP) FOR ANALYZING TEXT DATA
(E.G., SURVEY RESPONSES, SOCIAL MEDIA), SENTIMENT ANALYSIS, TOPIC MODELING, AND CLASSIFICATION ALGORITHMS FOR
CATEGORIZING QUALITATIVE DATA ARE VERY IMPORTANT. CONCEPTS LIKE CLUSTERING FOR IDENTIFYING DEMOGRAPHIC GROUPS
OR BEHAVIORAL PATTERNS, AND REGRESSION FOR UNDERSTANDING RELATIONSHIPS BETWEEN SOCIAL VARIABLES, ARE ALSO KEY.

Q: WHAT ARE SOME COMMON DATA PREPROCESSING TERMS SCIENTISTS SHOULD KNOW?

A: SCIENTISTS SHOULD BE FAMILIAR WITH TERMS LIKE DATA CLEANING, MISSING VALUE IMPUTATION (MEANI MEDIAN, MODE
IMPUTATION), OUTLIER DETECTION AND HANDLING, DATA NORMALIZATION, STANDARDIZATION, FEATURE SCALING, AND DATA
TRANSFORMATION (E.G., LOG TRANSFORMATION). THESE STEPS ENSURE THE DATA IS IN THE BEST POSSIBLE STATE FOR
ANALYSIS.

Q: How IS ‘FEATURE ENGINEERING’ RELEVANT TO SCIENTIFIC RESEARCH?

A: FEATURE ENGINEERING IS HIGHLY RELEVANT AS IT INVOLVES USING DOMAIN-SPECIFIC KNOWLEDGE TO CREATE NEW , MORE
INFORMATIVE FEATURES FROM EXISTING DATA. FOR SCIENTISTS, THIS MIGHT MEAN COMBINING EXPERIMENTAL PARAMETERS IN A
PHYSICALLY MEANINGFUL WAY , CREATING INTERACTION TERMS BETWEEN VARIABLES, OR DERIVING NEW METRICS THAT BETTER
CAPTURE THE BIOLOGICAL OR CHEMICAL PROCESS BEING STUDIED, LEADING TO MORE POWERFUL PREDICTIVE MODELS.

Q: WHAT DOES ‘CROSS-VALIDATION' MEAN AND WHY IS IT IMPORTANT FOR
SCIENTISTS?

A: CROSS-VALIDATION IS A TECHNIQUE FOR EVALUATING THE PERFORMANCE OF A MACHINE LEARNING MODEL BY TRAINING AND
TESTING IT ON DIFFERENT SUBSETS OF THE DATA. |T'S CRUCIAL FOR SCIENTISTS BECAUSE IT PROVIDES A MORE RELIABLE
ESTIMATE OF HOW WELL THE MODEL WILL GENERALIZE TO NEW, UNSEEN DATA, HELPING TO PREVENT OVERFITTING AND ENSURING



THE MODEL'S ROBUSTNESS AND TRUSTWORTHINESS FOR SCIENTIFIC APPLICATIONS.

ReLATED KEYWORDS

STATISTICAL MODELING FOR SCIENTIFIC RESEARCH

STATISTICAL MODELING INVOLVES CREATING MATHEMATICAL REPRESENTATIONS OF REAL-WORLD PHENOMENA TO UNDERSTAND
RELATIONSHIPS, MAKE PREDICTIONS, AND TEST HYPOTHESES. For SCIENTISTS, THIS MEANS TRANSLATING COMPLEX BIOLOGICAL,
CHEMICAL, OR PHYSICAL PROCESSES INTO QUANTITATIVE FRAMEW ORKS. KEY VOCABULARY INCLUDES REGRESSION ANALYSIS,
ANO\/A, TIME-SERIES MODELS, AND GOODNESS-OF-FIT MEASURES, ALL AIMED AT DRAWING ROBUST INFERENCES FROM
EXPERIMENTAL DATA AND BUILDING PREDICTIVE CAPABILITIES.

MACHINE LEARNING APPLICATIONS IN SCIENCE

THIS KEYWORD ENCOMPASSES THE BROAD SPECTRUM OF HOW MACHINE LEARNING ALGORITHMS ARE EMPLOYED ACROSS VARIOUS
SCIENTIFIC DISCIPLINES. |T HIGHLIGHTS THE PRACTICAL USE OF Al IN AREAS SUCH AS DRUG DISCOVERY, MATERIALS SCIENCE,
CLIMATE MODELING, AND GENOMICS. \NDERSTANDING TERMS LIKE SUPERVISED LEARNING, UNSUPERVISED LEARNING, NEURAL
NETWORKS, AND SPECIFIC ALGORITHMS (E.G., SVMS, RANDOM FORESTS) IS CRUCIAL FOR SCIENTISTS LOOKING TO HARNESS
THESE POWERFUL COMPUTATIONAL TOOLS.

DATA MINING FOR SCIENTIFIC DISCOVERY

DATA MINING FOCUSES ON DISCOVERING PATTERNS, ANOMALIES, AND INTERESTING RELATIONSHIPS WITHIN LARGE DATASETS. FOR
SCIENTISTS, THIS INVOLVES TECHNIQUES LIKE ASSOCIATION RULE MINING TO FIND CO-OCCURRING PHENOMENA, OUTLIER
DETECTION TO IDENTIFY UNUSUAL EXPERIMENTAL RESULTS, AND CLUSTERING TO GROUP SIMILAR DATA POINTS. VOCABULARY
LIKE FREQUENT ITEMSETS, SUPPORT, CONFIDENCE, AND CORRELATION RULES ARE CENTRAL TO THIS FIELD, DRIVING NEW INSIGHTS.

BioINFORMATICS DATA ANALYSIS

BIOINFORMATICS SPECIFICALLY APPLIES COMPUTATIONAL TECHNIQUES TO ANALYZE BIOLOGICAL DATA, SUCH AS DNA
SEQUENCES, PROTEIN STRUCTURES, AND GENE EXPRESSION PROFILES. SCIENTISTS IN THIS FIELD WORK WITH TERMS LIKE SEQUENCE
ALIGNMENT, PHYLOGENETIC ANALYSIS, GENE ONTOLOGY, AND PATHWAY ANALYSIS. MACHINE LEARNING TECHNIQUES ARE ALSO
HEAVILY EMPLOYED FOR TASKS LIKE PROTEIN FUNCTION PREDICTION AND DISEASE CLASSIFICATION.

CoMPUTATIONAL CHEMISTRY TOOLS

COMPUTATIONAL CHEMISTRY UTILIZES COMPUTER SIMULATIONS AND DATA ANALYSIS TO SOLVE CHEMICAL PROBLEMS. THIS
INVOLVES UNDERSTANDING VOCABULARY RELATED TO MOLECULAR MODELING, QUANTUM CHEMISTRY CALCULATIONS,
MOLECULAR DYNAMICS SIMULATIONS, AND QUANTITATIVE STRUCTURE-ACTIVITY RELATIONSHIPS (QSAR). DATA SCIENCE
PRINCIPLES ARE INCREASINGLY INTEGRATED TO ANALYZE LARGE CHEMICAL DATASETS FOR DESIGNING NEW MOLECULES OR
PREDICTING MATERIAL PROPERTIES.

GEOSPATIAL DATA SCIENCE

GEOSPATIAL DATA SCIENCE INVOLVES THE ANALYSIS OF DATA THAT HAS A GEOGRAPHIC OR SPATIAL COMPONENT. SCIENTISTS
IN FIELDS LIKE ENVIRONMENT AL SCIENCE, GEOLOGY, AND URBAN PLANNING USE TERMS SUCH AS GEOGRAPHIC INFORMATION
SysTeMs (GIS), REMOTE SENSING, SPATIAL AUTOCORRELATION, GEOSTATISTICS, AND SPATIAL REGRESSION. VISUALIZING AND
ANALYZING PATTERNS ON MAPS IS A KEY ASPECT OF THIS DOMAIN.

ExPeERIMENTAL DESIGN AND DATA SCIENCE

THIS INTERSECTION FOCUSES ON HOW DATA SCIENCE PRINCIPLES CAN INFORM AND ENHANCE EXPERIMENT AL DESIGN. V OCABULARY
INCLUDES CONCEPTS LIKE SAMPLE SIZE CALCULATION, POWER ANALYSIS, RANDOMIZED CONTROLLED TRIALS, FACTORIAL DESIGNS
AND RESPONSE SURFACE METHODOLOGY. BY APPLYING DATA-DRIVEN INSIGHTS, SCIENTISTS CAN DESIGN MORE EFFICIENT AND
INFORMATIVE EXPERIMENTS, ENSURING THAT DATA COLLECTED IS OPTIMALLY SUITED FOR ROBUST ANALYSIS.

1

NATURAL L ANGUAGE PROCESSING FOR SCIENTIFIC LITERA TURE

NATURAL LANGUAGE ProcesSING (NLP) IS USED TO ENABLE COMPUTERS TO UNDERSTAND AND PROCESS HUMAN LANGUAGE.
FOR SCIENTISTS, THIS MEANS ANALYZING VAST AMOUNTS OF RESEARCH PAPERS, PATENTS, AND REPORTS. KEY NLP TERMS
INCLUDE TOKENIZATION, STEMMING, LEMMATIZATION, PART-OF-SPEECH TAGGING, NAMED ENTITY RECOGNITION, AND TOPIC
MODELING, ALLOWING FOR AUTOMATED LITERATURE REVIEWS, KNOWLEDGE EXTRACTION, AND TREND IDENTIFICATION.

PrepicTIVE MODELING IN RESEARCH
PREDICTIVE MODELING USES STATISTICAL ALGORITHMS AND MACHINE LEARNING TECHNIQUES TO FORECAST FUTURE OUTCOMES



OR PROBARBILITIES BASED ON HISTORICAL DATA. SCIENTISTS EMPLOY THIS TO PREDICT DISEASE PROGRESSION, MATERIAL
FAILURE, OR EXPERIMENTAL RESULTS. ESSENTIAL VOCABULARY INCLUDES CONCEPTS LIKE DEPENDENT AND INDEPENDENT
VARIABLES, TRAINING AND TESTING SETS, VALIDATION, AND METRICS LIKE ACCURACY, PRECISION, AND RECALL, ALL
CONTRIBUTING TO THE ABILITY TO ANTICIPATE FUTURE EVENTS.

Data Science Vocabulary For Scientists

Data Science Vocabulary For Scientists
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